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Abstract

In highermammalsthe primaryvisualpathway startswith the (“retinogeniculate) projectionfrom

the retinato the dorsallateral geniculatenucleus(dLGN) of the thalamuswhich in turn projects
to visual cortex. Although the retinal axonsinitially innenate the dLGN in a relatively disoiga-
nizedmannerthey arepreciselyarrangedy maturity Somedominantfeatureof this organization
emegeonly undertheinfluenceof actvity, yetthesefeaturesareestablishedbeforeeye-openingor

photoreceptofunction. The crucial actvity is suppliedby spontaneouburstsof actionpotentials
thatpropagatén wavesacrosshe immatureretinal ganglioncell layerthat projectsto the dLGN.

Underthe influenceof retinal actvity, the retinal axonssegregateinto eye-specificlayers,on/off

sublayersandpreciseretinotopicmaps.

This dissertatiordescribes formal computationaframenork for modelingandexploring the
activity-dependentievelopmentof the retinogeniculatgrojection. The modelis the first to sup-
port the developmentof layers,sublayersandretinotofy in a unified framavork. The modelis
constructedso asto be directly biologically interpretableand predictive. It refinesbasedon real-
istic patternsof wave actvity, retinalaxonarborchange andHebbiansynapticweightchange.In
addition,the modelis relatively tractableto formal analysis.This tractability makesthe modelrel-
atively undemandindgo simulatecomputationallyand providesanalyticinsightinto the dynamics
of the modelrefinement.Several experimentalpredictionsthatfollow directly from the modelare
described.
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Chapter 1

Intr oduction

It is known thatneuralactivity canchangebrainstructure.Themechanism#volved have beenex-

ploredat severallevels of analysisandscale:on the scaleof the entireorganism,it hasbeenfound
thatratsrearedin complex ernvironmentshave moreextensve synapticconnectvity in somebrain
areashanratsrearedin sparseervironments(Greenougtet al., 1987); on the scaleof individual

neuronssynapticconnectiity hasbeenfoundto changein responsdo specificprogramsof stim-
ulation (LTP andLTD, Madisonetal., 1991);andon the scaleof neuralsystemsthereis evidence
that projectionsbetweenbrain areascan be shapedoy patternsof neuralactiity (Goodmanand
Shatz,1993).

This thesisattemptgo formalizethe dynamicsof actvity-dependenteuralchangen a well-
studiedand understoodsystem,the retinogeniculatgrojection. The currentmodelis the first to
capturethe actvity-dependendevelopmentof the main retinogeniculatestructures(eye-specific
layers,on/off sublayersandretinotopicrefinementjn aunifiedframevork. Themodelis structured
so asto be biologically realisticandanalyticallytractableso asto be maximally interpretableand
predictive. I've chosento modelthe retinogeniculatgrojectionbecauset providesa wonderful
window into somecomplex developmentaktratgiesthatorganismshave evolvedto take advantage
of neuralactwity.

1.1 Adaptation and Exploitation

Mechanism®f actvity-dependenteuralchangearevaluableto anorganism.Most obviously,
they provide a meansfor adaptatioror learning. Throughexperience the particularsof the envi-
ronmentcangeneratgatternsof neuralactvity thatshapehe processingtructureof theorganism,
adaptingthe organisms behaior patternsto ernvironmentalpressures.Sensitvity to experience
alsohasa lessolvious effect. It allows developmentalprocesses$o exploit the structureinherent
in experiencan orderto “cheaply” createusefulneuralstructuresWhereasadaptatiorallows neu-
ral structurego take on novel configurationsn responsdo novel experience exploitation allows
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neuralstructuredo take on stereotypicatonfigurationsn responseo stereotypicabspectof the
ervironmentt

Onewould expectthe exploitation of experienceto occurif a usefulneuralstructurerobustly
developsfrom the interactionbetweemmechanismsf actiity-dependenheuralchangeandexpe-
riencescausedy reliablefeaturesof theervironment.In this caseijt is wastefulto spendresources
on building a useful structureinsteadof exploiting the ervironment,assuminghat the organism
alreadyhasmechanismshat supportactvity-dependenneuralchange. What if a specificsetof
experienceqin combinationwith mechanism®f actvity-dependenneuralchange)cangive rise
to a useful structure,but the neededexperiencesarent reliably provided by the ervironment? A
countefintuitive optionis thatthe organismcan“simulate” the experienceby intrinsically generat-
ing the neededactivity — a viable optionif generatinghe actvity is relatively “cheap” (in terms
of enegy andgeneticinformationrequired)comparedo generatinghe resultingstructure.Sucha
situationexistsin the developmentof visualcircuitsandprobablyin mary otherneuralstructures.

1.2 Why The RetinogeniculateProjection?

The crucial questionat the onsetof this thesisis: “Why studythe developmentof the retino-
geniculateprojectionof ferretsandcats?”

My primary answeris thatthe systemis surprising. It generatests own actwity, actvity that
is sensiblein the framevork of vision (e.g. spatio-temporallycorrelated).As a result,the system
is ableto undego significantactvity-dependentefinementoefore visually evoked retinal actvity
is present As with visualexperiencethe structuraldevelopmentadaptvely respondgo alterations
in the normalcourseof this intrinsically generatedctivity. For example,if this actiity is blocked
in oneeye, the projectionfrom the blocked eye will decayandthe sparedeye’s projectionwill take
over moreterritory.

This pre-visualperiodof retinogeniculatelevelopmenthusputsa strangeandsignificanttwist
on the relation betweenintrinsic and extrinsic influences(“nature and nurture”). In this system,
intrinsic factorsexpressthemseles via a putatvely extrinsic pathway by inducing actiity at the
sensorysurface. Despitetheflexibility thatis inherentin this externalexperience-dependepath-
way, astereotypeghathof developmentesults.Importantly this stereotypedtructures notentirely
determinedy intrinsic constraint®nthefinal form of the projection.Rathertheform of theintrin-
sically generatedhctivity playsa crucial role in shapingthe projections developmentand mature
form. In this systemthe eleggantmechanismshatallow the organismto learnandadaptto its en-
vironmentseemto have beenco-optedfor the developmeniof a stereotypedystemby providing a
stereotypedctiity ernvironment. Theretinogeniculatsystemthusprovidesan opportunityto see
acomple interactionbetweenntrinsic andextrinsic factorsin shapinga complex neuralcircuit.

! Adaptationandexploitation correspondoughly to “experience-dependengihd“experience-gpectant’structurein
Greenougtetal’s (1987)terminology
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Fortunately this systemalsoaffords concreteinvestigationsnto the balancebetweenthe in-
trinsic andextrinsic factorsbecausdt is a well-studiedanddescribedsystemwith a striking devel-
opmentakrajectory

1.3 The Model Domain

The model systemis the retinogeniculatgrojectionof ferretsand cats. Theseanimalshave
a similar developmentatime-courseandadultretinogeniculatgrojection,but ferretsareborn ~3
weeksearlierthancats(~1 monthbeforeeye-opening) Becausehey arebornsoimmature ferrets
areidealexperimentalnimalsfor investigatingvery early (“pre-natal”) development.

Their retinogeniculaterojectionconsistsof the axonsof retinal ganglioncells (RGCs)that
travel throughtheopticnere andtheoptictractinto thethalamus.They arborizein thedorsallateral
geniculatenucleugdLGN) of thethalamusandestablistsynapsesvith thalamo-cortical/relagells
aswell asinterneuronghere. In the adult ferret, the axonsfrom the two eyes and the different
cell typesarborizein separatdayersin the dLGN. In addition,neighboringRGCsestablishstrong
synapticconnectiity with neighboringdLGN relay cells, maintaininga preciseretinotopicmapin
thedLGN. This maturestatearisesfrom a muchmoredisorderednitial state.At birth, eachRGC
axonconnectgo dLGN cells acrosdayers. The axonssayregateinto differentlayersbeforeeye-
opening. This seregationis actvity-dependentandis supportedoy spontaneousetinal actiity.
During the periodof refinementthe RGCsfire spontaneouburstsof actionpotentialswith aspatial
propagatiorpatternthatresemblesvavesof burstingactivity spreadingacrosgheretina.

1.4 Biological Realism

Becauséhedevelopingretinogeniculat@rojectionis well-studied themodeldescribedn this
thesiscanbe relatively groundedn biological detail. Hopefully, the biological realismwill make
themodelmaximallyinterpretableandpredictive. In orderto make theapproactof themodelmore
concretesomefeaturef the modelaresketchedbelow.

1.4.1 Realisticlnputs

Becausehe rich spatio-temporastructureof the retinal activity may play a role in the de-
velopmentof the retinogeniculatgrojection,the simulatedinputs are closely matchedto in vitro
measurementsf theretinalactvity duringthis period. Thespontaneousetinalwavesaresimulated
asif each‘unit” in themodelcorresponds$o a neuron.Measurementef wave speedwidth, height
(i.e. peakfiring rates),andrefractoryperiodsaredirectly translatednto the simulatedwave inputs
(seeTable4.1).Incorporatinghesedetailshelpsto constrainparametechoices.

Becausef this explicit simulationof the wave speedandrefractoryperiodlength,thereis an
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intrinsic time in the modelthat correspondslirectly to biologicaltime. Roughlythe samenumber
of waveswill occurin 1 weekof intrinsic modeltime aswould occurin 1 weekof biologicaltime
(seeSec.5.1.3for discussiorof this pointin relationto simulationdetails).

1.4.2 SpoutingandLateral Interactions

Themodelalsoattemptdo male realisticassumptionaboutthe mechanismsf actiity spread
and synapticweight changein the dLGN. Traditionalmodelsof actiity-dependentlevelopment
make two assumptionghatareinaccuraten theretinogeniculatsystem.Thefirstis thatthereis an
initial periodof exuberantconnectyity, in which eachinput cell (RGC) connectdo all the output
cells. Refinementconsistsof the inappropriatesynapseslying off andthe appropriatesynapses
beingpresered. In fact, RGCsmaintainarelatively constanandrestrictedaxonalarborwidth in the
dLGN overthecourseof development.Thisfactis somavhatproblematidbecauséhereis reasorto
believe thatthearborsmustshift over development(seeSec.3.3.5). Thecurrentmodelresohesthis
contradictionby assuminghatthe axonalarborwidth is in a stateof dynamicequilibrium during
this period,with sproutingprocesseat work concurrentlywith culling processeg¢seeSec7.2 for
othermodelsthatusesprouting).

In orderto ensureglobal organization,modelstraditionally make a secondassumptiorthat
lateralinteractionsin the outputtissue(the dLGN in this case)are excitatory at shortrangeand
inhibitory atlong range.Theexcitatory portionis usuallytakento startoff large— shrinkinggrad-
ually over the courseof development. A literal interpretationof this assumptions problematic
in the dLGN becausenhibitory pathways are essentiallynon-functionalin the developingdLGN,
andthereis no evidencefor long-rangeexcitatory connectionsat ary pointin development. The
currentmodelmakesthe wealer assumptiorof nearesneighborexcitatoryinteractionsandincor
poratesobseredbiophysicalchangesn dLGN relaycell responsiity in orderto generateffective
long-rangenteractionsn thedLGN thatshrink over development.

1.4.3 Details Matter

Given that spontaneousctvity playsa role in the developmentof the retinogeniculatgro-
jection, a naturalquestionis: “How?”. This questionis sometimeglossedover in experimental
neurobiology Theassumptiorbeingthatintuition anddemonstrateg@rinciplesof self-oiganization
aresufficientto understandherole of actiity in agivensystem.

In fact, it is non-trivial to malke a self-oganizing model capturethe obsened structuralre-
finementin a specificsystem,given the anatomicaland physiologicalconstraintsn that system.
Presumablyin a biological systemthereis a hierarchyof mechanismshatare oftenredundanor
balancedagainsteachother This entirehierarchyconspireso make the refinementrobustto some
insults,thusinsuringthe properdevelopmentof key structureswhile remainingsensitve to other
influencesso asto make developmentadaptabldo unexpectedcircumstancesUnderstandingnd
modelingsucha hierarchyis comple.
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The original modelsof self-oganizationsuggesthat with appropriatespatio-temporatorre-
lationsin the inputs and appropriateateral interactionsin the outputs,a systemshould support
self-oganization.The catchis thatthedetailsmatter Thereareplenty of intuitively plausiblemod-
els of a given systemthat cannot supportdevelopmentof the obsered structures.In fact, after
experimentatiorwith models,one often endsup wonderingif the given mechanismsre capable
of developingthe givenstructuresat all. Whatis obviousin principle canbe extremelydifficult to
rigorouslydemonstratén a particularinstance.For example,why do layerssegregatenearly per
fectly? Why doesnt the retinogeniculatgrojectionendup with fracturedor intermingledlayers?
In fact, mary modelscanendup with this type of endstate,including the presentmodelin some
parametedomains. The balancebetweenthe differentaspectof the modelis crucialto generate
robustandappropriatedevelopment.

Ontheflip side,therearemary intuitively plausiblemechanismshat do supportappropriate
development,but are simply not presentin the actualsystem.For example,long-rangenhibitory
interactionsin the developingdLGN would help supportthe developmentof retinotory andlayer
seyregation, but they are probablytoo weakto be useful at the relevant pointsin development.
Likewise, negative correlationsbetweerthe eyesor the on/of-centerRGCswould probablyhelp
supportlayer and sublayersegregationin the dLGN, but thesenegative correlationsare probably
not present. The goal of this work is to outline a modelthatworks andis in accordancevith the
biological obserations. The hopeis to usethe modelto gaininsightinto the crucialfeaturesof the
systemandtheirinterrelations.

1.5 ThesisOrganization

Thisthesiswill first presentidetailedbiologicalbackgroundf the earlyvisualsystemat ma-
turity andthroughdevelopment(Chs.2-3). Thesechapterscover mary biological detailsthat are
peripherato themodel,but whichareincludedbecausé¢hey couldpotentiallyinfluenceretinogenic-
ulatedevelopment.A brief summaryof the directly relevantbiologicalbackgrounds presentedn
Sec.3.5attheendof Ch. 3 for thosereadersvho wish to skip the detailedbackground.Thethesis
thengoeson to describethe modelin depth(Ch. 4). Simulationsthatexplorethe corvergencebe-
havior of themodelaswell astheimportanceandfunctionof theindividual modelmechanismsre
presentedn Ch.5. A formalllinearanalysisof the modeldynamicss presentedn Ch.6. Ch.7isa
brief review of previous modelswhich concentratesn their relationsto the currentmodel. Finally,
Ch. 8is ageneraldiscussionwith suggeste@xperiments.



Chapter 2

Biological Background: Maturity

Thereareafew key structuresn theearlyvisualsystemhatarecentralto this discussionA picture
of thematurestateof thesestructureswill provide ausefulframenork for the outstandingjuestions
abouttheirdevelopment.

Thisdescriptions orderedrom peripherato morecentralstructuresn theearlyvisualsystem.
Thusit will proceedrom the sensorysurface,throughtheretinal outputs— retinal ganglioncells
(RGCs),andeventuallyto their primarytarget—thedorsallateralgeniculateucleug dLGN) of the
thalamus.The overriding focuswill bethe organizationof the cells, afferentsandintrinsic circuits
in thedLGN.

2.1 TheEye

Thematureretinahasalaminarstructure.Thereceptorgrodsandcones)arefarthesfrom the
backof the eye (“inner”), while the retinal ganglioncells and their axonsare closestto the back
of the eye (outer”). The bipolar cell bodiesform a layer betweenthe receptorsandthe RGCs.
The bipolar cells have their dendritesin the outer plexiform layer and their axonsin the inner
plexiform layer In eachof theselayersare feed-forvard ribbon synapses.n addition,thereare
laterallymodulatory*surround” circuits formedby the horizontalcellsin the outerplexiform layer
andamacrinecellsin the inner plexiform layer Theselateral circuits are basedon corventional
synapse¢Daw, 1995;ChalupaandWhite, 1990; Sterling,1990).

The outputcells of the retina, retinal ganglioncells (RGCs),aretraditionally classifiedmor
phologicallyasa, g, or v cells (correspondingo the Y, X, or W physiologicalclassificationge-
spectvely). «, 8 and~y cells accountfor 5%, 80%, and 15% of the RGCsrespectrely (Sterling,
1990). The « cellshave a large dendritictree,somaandaxondiameter andthusarefastwith low
spatialacuity Becauseahe § cells have a smallerdendritic tree, soma,and axon diametey they
have betterspatialacuityanda slowertime-course The- cells(projectingprimarily to the superior
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colliculus (SC)) have smallersomasand axonsand have a fine andwide dendritictree,and they
have a’sluggish’time-courseandlow spatialacuity (seeSterling,1990for review).

Therearealsoon andoff subtype®f botha andg cells. Cellsin thesesubtypesesponceither
to a onset('on-center’) or offset ('off-center’) of a stimulusin the centerof their receptve field.
The on and off-centerRGCscan be differentiatedbasedon the location of their dendriticarbors
within theinnerplexiform layer (IPL) of theretina. The dendritesof the on-centercells stratify in
the outermosportion of the IPL while the dendritesof the off-centercells stratify in theinnermost
portion of the IPL. Ignoring the W- cells, the maturecat retinais effectively tiled 4 times, once
eachby the dendritesof the on andoff o andthe on andoff g cells (Chalupaand White, 1990).
Thesesubtypesnale up parallelpathwaysthatremainlargely separate— evenupto primaryvisual
cortex.

2.2 Afferent Projections

Theadultretinasin the catandferrethave two mainsub-corticalvisual projections:the supe-
rior colliculus (SC,termedthe’tectum’in lower animals)andthe dorsallateralgeniculatenucleus
(dLGN). The SC projectsto mary areasincludingthe dLGN andhighervisualareadn the cortex.
The dLGN providesmostof the input to the primary visual cortex. The primary visual cortex has
reciprocalldescendingtonnectionso boththe SCandthedLGN. Theprojectionfrom theretinato
the dLGN (theretinogeniculatesystem)is part of the primary visual systemin higheranimalsand
will bethefocusof this paper

As in othermammalsthereis partial decussatiomf RGC axonsin the ferret (Jefery, 1990;
Cucchiaroand Guillery, 1984)andcat (Shatz,1983). The contralateraprojectionis muchlarger
(~8 timesin ferret, Zahsand Stryker, 1985), and developsearlierthanthe ipsilateralprojection.
Albino animalshave anamplifiedpatternof decussatiomith almostall of the RGCaxonscrossing
atthe chiasm(CucchiarcandGuillery, 1984).

2.3 ThedLGN

ThedLGN is the primarytarget of theretinal projectionin theferretandcat(andotherhigher
mammals). It senesasa “gating station” for the retinal signalsboundfor primary visual cortex
andthe highervisualareas.Thoughthe dLGN haslong beenassumedo passiely relaytheretinal
signalto corticaltamgets,the predominancef non-retinalsynapseandcomple synapticstructures
involving interneuronssuggesthat it may perform someimportantfunctionsin modulatingthe
retinalsignal.
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2.3.1 LaminarStructue

The maturecat (Sherman,1985) and ferret (Cucchiaroand Guillery, 1984) have a typical
"carnivore” geniculateorganization. The dLGN is organizedinto 3 mainlayers: A (farthestfrom
the optic tract, dorsal),Al andthe C group (closestto the optic tract, ventral). The C group of
laminaeis further subdvided into C, C1, C2, and C3. The afferentsfrom a given eye innenate
roughly every otherlayer, (Shatz,1983)with almostno overlapat full maturity Thus,the RGC
axonsfrom thetemporalportionof theipsilateralretinainnenateAl andC1while thenasalportion
of the contralaterakye innenatesA, C, andC2. C3is innenatedby the midbrain(Shermarand
Koch,1990)!

Theshapeandlaminarstructureof the catandferretdLGN aresomeavhatdifferent. Whereas
all thelayersin the catdLGN spanthe entirelengthof the nucleus(seefigure 8.3in (Shermarand
Koch,1990)),only layerA spansll of thenucleusin theferret(seeFig. 4.1,andseeFigs. 3 and4
in (Lindenetal., 1981)). Thislaminarstructurecoincideswith amorelL-shapedLGN in theferret.
The upperportion of the L (morerostromedial)is innenatedonly by the contralateratetinaand
thelower portionof theL (morecaudolateral)s innenatedin layersby bothretinas(Lindenetal.,
1981). Same-ge “Layers” in the ferret alsoappearessdistinctthanin the cat, i.e. layersA, C
andC2in theferretareconnectedy a’bridge’ atthe mostmedialportionof the nucleus(compare
figures3 & 4in (Lindenetal., 1981)to figure2 in (ShermarandKoch,1990)).

In both catsandferrets,the axonsof differentfunctional subtypesof RGCs(i.e. X, Y, and
W cells or on andoff cells) alsotendto focally arborizein somelayersof the dLGN while only
traversingor simply avoiding otherlayers. X andY axonsinnenate the A laminae. In cats,Y
axonsinnenatethe mostdorsalportionof the C lamina,while the W cellsinnenatethethe ventral
portionof C, andall of C1-C3(seefig. 8.3 (ShermarandKoch,1990)). In ferrets,the A laminae
arefurtherdivided into on andoff sublayers.dLGN cellswith on-centereceptve fieldsandcells
with off-centerreceptve fields (RFs) are primary locatedin the inner and outer portion of the A
laminaerespectiely (Lindenetal., 1981;Shatz,1983; CasagrandandCondo,1988). Thesesub-
laminaemainly reflectdifferentialinnenation by the X RGCs,which have relatively homogeneous
andrestrictedarborizationpatterngelatve to theY RGCs(Roeetal., 1989).

In theferret,thesegregationof axonsis two-fold with eye-specifiandfunctional-classpecific
layersforming. Themostrobust,earlyandmarkedsegregationis betweertheafferentsfrom thetwo
gyes.Thatis, the RGCaxonsfrom the eacheye segregateover the courseof developmentsuchthat
in theadultanimalthey arborizein roughlyalternatingayers.Axonscrossthelayersinnenatedby
theothereye (if necessaryyith aminimalaxonalshaft,rarelyretainingary sidebranchesterminal
boutons,or synapsesn the inappropriatdayers(Shatz,1983; Sretoan and Shatz,1986; Sretaran

!Due to consideration®f spaceand compleity, | am choosingto ignore the medial interlaminarnucleus(MIN).
TheMIN liesjustmedialto thedLGN, is innenatedcompletelyby Y-cellsandhasa laminarstructureexactly parallelto
dLGN, makingthetwo appeanearlycontinuougatleastin schematiédorm — seefigure8.3(ShermarandKoch,1990)).
In my preliminaryinvestigationghe anatomicakeparatiorof the MIN beliesthelack of idiosyncraticinformationabout
its structureandfunction. | thusconsideiit hereto belargely a physicalextensionof thedLGN.
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and Shatz,1987). The resultof this selectve arborizationof the different functional subclasses
of RGCsis that almostevery relay cell in the dLGN receves input from only one kind of cell
(X/Y andon/of-center)from one of the two retinas. Only 10% of cellsreceive mixed X andY
input. Veryrarelydo cellsreceve binocularinput (andtheseareall locatedatlaminarbordersor in
interlaminarzones)andno cellsreceve input from bothon andoff cells (Archeretal., 1982,and
see(Mastronardel1992)for detailsof cellswith mixedinput).

2.3.2 RetinotopicMaps

ThedLGN, SC & primaryvisual cortex all receve visual projectionsin a “retinotopic map”.
Thatis, nearbycellsin thetissueshave receptve fieldscenteredn nearbypointsin space Further
more, the matureretinal projectionto the dLGN is “sharp” in thateachcell in therecipienttissue
recevesinputfrom oneor asmallnumberof RGCs(Mastronardel1992;ShermarandKoch,1990).
A measuref the dggreeof retinotopy in the mapsis the degreeof scatterin thereceptve fields of
dLGN cellsasonemoveslaterally acrosghe tissue(i.e. usingan electroderack technique).The
scatterin the positionof thereceptve fieldsis only .5° of visualangle.Comparablaneasures$ind
10-30 of scattein SCand20-30 of scattelin theoptictract(Voigtetal., 1983;Sanderson] 971).

ThedLGN in theferretrecevesinputfrom thecentralandnasalpartof the contralateratetina
andthe mosttemporalpart of the ipsilateralretina. Eachof theseprojectionsform a continuous
topographiomap of their portion of the retina. Theseadult maps,althoughin differentlayers,are
in registersuchthata verticaltrack throughthe dLGN representa singlepointin binocularvisual
space Becausehereis limited binocularoverlapin ferrets(dueto thelateralplacemenof theeyes),
thealignmentof RFsin the mapsmeanghatthereis only a limited extentto which the mapsin the
differentlayersoverlap— namelyin themostmosttemporalportionof theipsilateralretina,which
recevesinput from the sameportion of the visual field asthe centralportion of the contralateral
retina(seefigure 1 in Jefery, 1990).

The densityof RGCsin the centralretina (areacentralis)is approximately80 times greater
thanthedensityin theperipheraretina(ChalupaandWhite, 1990). This concentratiorof resources
in the centerof thevisualfield is preseredin the projectionsto the dLGN, SCandprimary visual
cortex wherethe areacentralishasa largely exaggeratedepresentation,e. commandsnary cells,
comparedo anequalareaof retinaltissuein the periphery

2.3.3 dLGNrelaycells: Expansiorof the X andY pathways

dLGN relay cells are the outputcells of the dLGN, eventually projectingto cortical targets.
dLGN relaycell classificatioris usuallyperformedohysiologically(thustheir designatiorasX and
Y cellsversusa andg cells),but they aredifferentiatednorphologicallyaswell. Theirmorphology
mirrors the morphologyof their inputsin the retina,thatis X cells are smallerand have thinner
dendritesandaxons.Additionally, theX- cellsareorientedalongprojectionlines(i.e. perpendicular
to laminarboundariespndhave mary dendriticappendageésitesof synapticglomeruli) whereas
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the Y- cells are more circular and have smootherdendrites(Shermanand Koch, 1990). These
characteristicseflectthe patternsof physiologyandconnectity in thesetwo functionalpathways
with X-cellsrespondingnoreslowly andsynapsingn glomeruli.

dLGN relay cells eventuallyreceve input from oneor a few RGCs(almostalwaysfrom the
samefunctionalclass),andmostcanbeconsideredo inherit their physiologicalpropertiedirectly
from their inputs (Mastronarde 1992). On the other hand,eachRGC connectsto mary dLGN
cells— thusamplifying the numberof neuronsn the pathway by ~4x. This fan-outis far more
pronouncedn theY pathway thanin the X pathway. While X RGCsoutnumberyY RGCsby more
than10:1,the percentagesf X andY relaycellsin the dLGN areapproximatelyequal(i.e. 45%
each,W cellsbeingtheremainingl0%,but seeShermarandKoch,1990for 2:1 X:Y figure). This
relative growth of the Y pathway is dueto the extensve fan out from eachY RGC cell to 30-50
dLGN relaycells— ascomparedo 4-5for eachX RGC. This fanoutis reflectedin their relative
arborwidthsandboutonnumbers:X arborsare 100 um wide with 500-1000boutonseach while
Y arborsare 300 um widewith 800-200(boutongSur, 1988). At maturitytheY pathwayis much
moreamplifiedthanthe X pathway.

In the X subclassRGCsconnectprimarily to cells with somawithin their afferentarbors,
ratherthanto all cellswith dendritesoverlappingtheir afferents(ShermarandKoch,1990).Further
RGCsconnectto only a few of the mary functionally appropriatedLGN cells within their arbor
Thereforetheselectve connectiity obseredfrom RGCsto dLGN cellscannotderive from purely
mechanicaprocessesiatherit mustalsorely on mechanism®f selectve synapsdormationand
stabilization(Hamosetal., 1987).

2.3.4 Extra-retinalandIntra-dLGNInfluences

In additionto the feed-forward connectiongrom theretinal afferentstherearealsolateraland
descendingonnectiongo the dLGN that modulatethe incomingretinal signal. In fact, approxi-
mately90% of thesynapse$o dLGN relaycellsarenon-retinalin origin. 25%of theseconnections
areassociateavith inhibitory (GABAergic) interneuronsn the dLGN or the midbrain. Up until
thelastyearit wasthoughtthatthe cortex suppliesthe dominantinput to bothinterneurong37%)
anddLGN relay cells (58%) in the dLGN (Montero, 1991), but recentevidenceindicatesthat as
mary ashalf of the synapseshatwerethoughtto be corticalin origin may actuallyoriginatein the
brainstem(Erisir etal., 1997).

Local Inhibition. Theretinalsynapsesninterneurongendto occuratglomeruli,theaxonal
appendagemterwovenwith dendriticappendage®5%, Montero,1991). Glomeruliarethe site of
mary of theclassidriadic synapticstructuresvhereanafferentfiber synapsesnarelayneuronand
aninterneuronandtheinterneurornsynapse®n the samerelay neuron. Becausenterneuronsre
very electrotonicallyspreadi.e. partsof the dendritictreeareelectricallyisolatedfrom otherparts
of thearborandthe soma),they arenot goodcandidatesor wide ranginginhibition. More likely,
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interneuronsandglomeruliin particular provide a substratdor local computationgShermarand
Koch,1990).

MediumRange Inhibition. Thereis evidencethattheinhibitory surroundpresenin RGCcell
responsess accentuatetby surroundinhibition in the dLGN (Eyselet al., 1987; Eyseland Pape,
1987; Eyselet al., 1986; Sillito andKemp, 1983; Singeret al., 1972). This heightenedsurround
inhibition is thoughtto be responsiblefor the improved spatial resolving power of dLGN cells
over andabove the RGC inputs. This addedsurroundinhibition could stemfrom the corvergence
of several neighboringRGCsontoindividual interneurongNorton and Godwin, 1992; Sillito and
Kemp,1983). Thesepost-synaptienterneuronganthenseneto inhibit dALGN relaycellsvia either
dendro-dendritior moretraditionalaxonalconnectiongBloomfieldandSherman1989;Papeand
McCormick, 1995; Montero,1991). The interneurors axonterminateswithin its dendriticarbor
(Uhlrich and Cucchiaro,1992) and synapsesn relay neurons,and possibly other interneurons
(seebelaw) (Papeand McCormick, 1995; Williams et al., 1996). This cornvergencecould sene
to mediatethe inhibition of relay cell firing due to the firing of RGCs neighboringits primary
input RGC. In addition,thereis someconvergenceof interneuronsnto dLGN cells (Uhlrich and
Cucchiaro,1992; Solteszand Crunelli, 1992). This cornvergencecould mediatethe heightened
surroundnhibition of relaycell firing dueto firing of neighboringnterneuronswhich presumably
receve input primarily from neighboringRGCs.

The interactionsbetweeninterneuronsare relatively unknavn. There are GABAergic ter
minals on the dendritesand somaof interneurondan dLGN, and, becausahe reticular nucleus
thalami/peri-genicute nucleus(RNT/PGNY seemsto selectvely innenate relay neurons(Pape
andMcCormick,1995),it hasbeensuggestethatthesenhibitory terminalslikely arisefrom other
interneurons.

Interneurons@reprimarily involvedin the X pathway, thusY RGCssynapseanainly on dLGN
relay cells (ShermarandKoch, 1990; Friedlandemand Tootle, 1990; Uhlrich andCucchiaro, 1992,
but seeMastronarde1992for evidenceof Y interneurons).The frequeng of thesecomple cir-
cuitsin the X pathway suggestghatit is more modulatedby inhibitory circuitry thanthe Y path-
way. Becauseachinterneurorrecevesinputfrom 4-5 RGCs,thereis moreRGC corvergenceon
interneuronghanonrelaycells(Sillito andKemp,1983;NortonandGodwin,1992).

Long-Rang Inhibition. Typically, dLGN cellsin the adultcatreceve excitatory input from
only one optic nene, but inhibitory connectionsrom both nenes. dLGN cells have purely in-
hibitory receptve fieldsfor thenon-dominangeye which overlapthe excitatoryreceptve fieldsfrom
the dominanteye. This inhibitory input is di or tri-synaptic,while the excitatory input is mono-
synaptic(ShatzandKirkwood, 1984; Lindstrom,1982; Papeand Eysel,1986). It follows thatthe
excitatoryinputsto dLGN relaycellsstemdirectly from retinalafferents while theinhibitory inputs

2Thesestructuresareneighborsandappeato be quitesimilarin projections structureandrole (SolteszandCrunelli,
1992),thusthey aretreatedasa singlecomplex for the purpose®f this paper
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arecommunicatedia dLGN interneuron®r othernucleiin themidbrain,e.g.thereticularnucleus
of thethalamugqPapeandEysel,1986).

Becausef thelarge electrotonicsizeof interneuronsandthelocal arborizationof theiraxons,
ary wide-ranginglateralinhibition in the dLGN would likely be mediatedby external structures
that provide input to the dLGN. The likely candidatedor this role is the RNT/PGN.RNT/PGN
cells receve inputs from the cortex and dLGN relay cell collaterals,and they sendafferentsto
dLGN relay cells, eachother anddLGN interneurongSolteszand Crunelli, 1992). The specific
role of the RNT/PGNafferentsin mediatinglong rangelateralinhibition is unknavn. dLGN relay
neuronscanreceve input from the very samecellsthatthey synapseonin the RNT/PGN(Lo and
Sherman1994). As RNT/PGNneuronshave fairly large RF’s (~20°, Montero,1991)this finding
suggestshatthe inhibitory feedbackirom the RNT/PGNcould modulateactiity in alimited area
arounda dLGN neuron(Lo andSherman]1994;Eyseletal., 1986;EyselandPape,1987). Others
have taken the large RF sizeto suggesthatthe RNT/PGN probablyhasmoreinfluenceon global
responsiity of the dLGN thanon shapinglocal RFs (Ahlsenet al., 1985). BecauseRNT/PGN
afferentscellsestablisitP0% of their synapsesn dLGN relaycellsin regionsthatalsoreceie input
from cortical axons,they probablyarelargely involved in modulatingthe corticalinfluenceon the
dLGN (Ahlsenetal., 1985;Cucchiarcetal., 1991).

This complex andorganizedwiring patternin the early visual systemsenesto maintainpar
allel signal pathways which can be modulated,amplified or combinedselectvely. Further via
topographicprojections,the wiring preseres usefulinformationintrinsic to the spatialrelations
betweerRGCs.

2.3.5 Physiolgy: GABA subtypes

Investigationgnto the functionanddistribution of the two GABA receptorsubtypesGABAa
and GABAD, have revealedthat thereare two distinct inhibitory mechanismsn the dLGN. The
GABAa subtypeis fastacting (30-40ms duration),works via Cl~ conductancendhasa reversal
potentialaroundthe restingpotentialof dLGN relay cells (-65 mV, suggesting “shunting” role).
GABAa seemdo bethe dominantinhibitory pathway. GABAD is slow acting(20-30msto onset,
200-300ms duration),worksvia Kt conductancendhasa hyperpolarizing reversalpotential(-
80 mV). GABAD probablymediategylobal responsiity in the dLGN (SolteszandCrunelli, 1992;
Crunelliand Leresche1991). The GABAb receptoris also strongly voltagedependentyith its
efficagy sharplydecreasingvhenthe cell is depolarizedfrom its restingpotential. The GABA
subtypesalsohave a distinctdistributionsandactionin the dLGN. The GABAa receptormediated
pathway actsstrongly on dLGN relay cells, but is not found in inhibitory interneurongSoltesz
and Crunelli, 1992). GABADb actsfairly weakly on dLGN relay cells. Its mainrole is probably
to regulaterelay cell responaiity, ratherthanto shaperelay cell RFs(Solteszand Crunelli, 1992).
GABADb alsohaslittle effect oninterneurongWilliams etal., 1996).

The spatialdistribution of GABA receptorscanalso help illuminate the roles of inhibition.
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The placemenbf GABAa receptorsat locationslike the baseof glomeruliandcloseto the soma
(ShermarandKoch, 1990; Uhlrich and Cucchiaro,1992) could help supportthe shuntingrole of
GABAareceptordecausehereceptordrave maximalinfluenceonthedendriticsignalsto thesoma
in this position. Interneuronterminalsalsooccurfrequentlyin glomerularstructureswherethey
arethoughtto regulatetheincomingretinal signals.

RNT/PGNterminalsare mostfrequentlyfound on the dendritesof relay cellsin closeprox-
imity to excitatory corticalterminals,suggestinghatthe RNT/PGNinhibition probablymodulates
thecorticalinfluenceonthedLGN relaycells. TheseRNT/PGNafferentsgeneratdPSPsn dLGN
interneuronyia GABAa receptorsandIPSPsin dLGN relaycellsvia GABAa andGABAD recep-
tors (Solteszet al., 1989; Solteszand Crunelli, 1992; CrunelliandLeresche,1991). The primary
influenceof RNT/PGN afferentsis mediatedby GABAa, asit elicits IPSPsat very low levels of
RNT/PGNstimulation(which areblocked by a GABAa antagonist) GABAb mediatedPSPsonly
appeamftermuchstrongeRNT/PGNstimulation(Sanchez-WesandMcCormick,1997).

2.3.6 dLGNResponsdlodes:Tonic, Burstingand SpindleWaves

GABADb is thoughtto mediatethe shift betweertonic firing mode— in whichthedLGN relay
cells respondto retinal inputsin a linear manney and the burstingmode— in which the dLGN
relay cellsrespondo retinalinputsnon-linearlywith burstsof actionpotentials.Thetonic modeis
associatewvith alertresponaiity to retinalinputs. Theburstingmodepossiblyunderlieshothsuper
sensitvity to inputs(i.e. firing a burst of actionpotentialsin responsdo a weakinput effectively
amplifiesthe input), andnon-responsity to retinal inputsduring spindlewaves (commonduring
REM sleep). In generalGABADb is assumedo reducethe dLGN relay cell sensitvity to sensory
inputs.

On the other hand, GABAb could pushthe cells toward bursting by evoking low-threshold
Ca&t potentialswhich “prime” the dLGN cells to fire bursts of action potentials(Solteszand
Crunelli, 1992; Crunelli and Leresche,1991; Emri et al., 1996). Whenin bursting mode, spin-
dle wavescanoccurin responsdo barragef IPSPsfrom the RNT/PGN. Thesewavesarisebe-
causethe membranehyperpolarizedby the IPSPs,reboundsand overshootsts restingpotential
andgeneratea low-thresholdCA?* potentialthatcanelicit burstsof actionpotentialsin the dLGN
relay cells. Theseactionpotentialsin the dLGN excite the RNT/PGNneuronsvia thalamocortical
axon collaterals,and a feedbackloop is createdthat supportsthe oscillation of activity between
the RNT/PGNandthe dLGN. Theresultingspindlewave actvity is often seenduring REM sleep
(CrunelliandLeresche1991).

In the adult, GABAb IPSPsmight be ableto mimic the role of the barragesf IPSPsfrom
the RNT/PGN by directly inducebursting responsesn dLGN relay cells via hyperpolarization
andreboundspiking. Despitethis evidencefor its involvementin the burstingbehaior of dLGN
relay cells, GABAb doesnt seemto be necessaryor the spindlewavesbecausédlocking GABADb
receptorsdoesnot abolishthem (von Krosigk et al., 1993). Indeed,someresearctsuggestghat
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GABAa is primarily responsibldor spindlewavesin thedLGN, with GABAb playinga significant
role only in pathologicalbscillatorybehaior in thedLGN (Sanchez-WesandMcCormick,1997).
Interneuronseemnot to have a burstingmodeof responsiity (Williams etal., 1996;Crunelliand
Lereschel991).



Chapter 3

Biological Background: Development

This chapterwill discussthe anatomicaldevelopmentof the early visual systemin the neo-natal
ferret. It will focuson actvity-dependentevelopmeniof map-like projectionsandlaminatedstruc-
tures. It is anattemptto establishthe parameterselevantto a formal modelof the developmentof

the orderedretinogeniculatgrojection.

Muchis knovn aboutthefetal developmenbf theferretvisualsystembecauséerretsareborn,
andarethusavailable for study in anextremelyimmaturestate. Furthermorethe developmental
time-courseand maturestructureof the ferret's visual systemare closely parallel to that of the
well studiedcat (seeCucchiaroand Guillery, 1984 for review and seeTable 3.1 for a listing of
developmentalmilestonesdiscussedelav).! Findingsfrom the catwill be presentedalongside
thosefrom the ferretto help constructa completepicture. For purposef comparisonthe time
from conceptionto eye openingis comparablan the two animals(72-74daysin the ferret (Wong
etal., 1993),and 75 daysin the cat (Shatz,1983)), but ferretsare born 3 weeksearlierthan cats
(43 daysand 65 daysafter conceptiorrespectiely, “D43" and“D65"). The early birth of ferrets
essentiallymakespossible’fetal” studiesof the developingvisual systemwithout fetal suigery

3.1 Problemsto be Solved During Development

The emegenceof structurein the retinogeniculatgrojectionis one of the mostinvestigated
guestionsgn developmentalneurosciencehut the exact hierarchyof mechanismsnvolved is still
notknown in detail.

The developing brain hassomepracticalengineeringproblemsto solve. RGC's eventually
mustconnectto targetsthat have a preciseand predictable’horizontal/lateral’location(i.e. their
appropriatéopographigosition)and’vertical’ location(i.e. in theappropriatdayer)in thedLGN.
Furthermore the retinotopicrepresentations the differentlayersmustend up in register such

This commonneuralorganizationis sometimeseferredto asthe “carnivore” pattern.

15
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Days | Eventin Cats

| Days | Eventin Ferrets

19 RGC’sin Optic Stalk?! 20-30 | LGN andSubplateNeurogenesid

22-54 | W (small)RGCNeurogenesi$ 20-36 | CorticalLayer6 Neurogenesid

22-37 | SCNeurogenesis 20-43 | RGChbirth 3

22-32 | dLGN Neurogenesi$ 24 Axonsleave LGN & V13

26 Axonsleave LGN 3 24 RGC’sin optic stalk/chiasn?®

29-32 | X (medium)RGCNeurogenesi$ 27 dLGN < & Corticalaxonsarrive®

30 RetinallPL formed? 28 RGCaxons— contra-dLGN®

32-34 | Y (big) RGCNeurogenesi$ 31-41 | CorticalLayer4 Neurogenesié

32-35 | RGCaxons— dLGN?® 32 RGCaxons— dLGN®

32 RGCaxons— contra-LGN® <40 | CoarseSCanddLGN retinotop?’

35 RGCaxonsarrive atipsi-LGN ® 41-43| BIRTH

36 dLGN axons— StriateCortex subplate® | 41-69 | Wavespresent

39 FunctionalRetinogeniculatsynapse8 | 41-43 | RGCaxonsstartlayersegregation®-2

40 Peak#'s of RGCs! 43-97 | LGN dendritesgrow !

45 Horizontal& Amacrinesynapse’s 41-69 | LGN LayerSegregation?

45 Peakin Eye Overlapin dLGN ¢ 45 ConventionalRetinalSynapsesppear

50 RetinalOPL formed! <50 | Eye-specifimxonsegregationdone’?

52 RGCX/Y Morph. Differentiation 51 dLGN axonsinvadecortex 3

60 dLGN axonsinvadecortex 51-58 | A/A1 dLGN cell lamination®

60 A/A1 dLGN cell lamination! & 55-64 | RodsMature,Retinalphotosensitiity...
RGC laminationin retinacomplete Off-cell noise,& On/Off-sublayerformation?

60 RGCaxonsegregationis complete® 59 RibbonSynapseappeain Retina?

65 MatureRGC densityin areacentralis! 62 On/off RGCaxonsegregationcomplete'

65 BIRTH

68-79 | A1/C3dLGN Cell Lamination® <69 | WavesDisappear

71-73 | Receptordature 71 Laminarsegregationcomplete’

71-74 | Cell Laminationcomplete® 73 OrientationColumnsin StriateCortex

75 EYE OPENING 73 EYE OPENING

75 OrientationColumnsin V1 *

75-85 | HighestSynaptogenesis Retina!?

79 LGN dendriticgrowth

86 Direct LGN to Layer4*

86 CancorrelateRGCsMorph. & Phys.”

95 Lateralsynapsesnature'®

115 | Ribbonsynapsesature!®

Table3.1: Time-line of eventsin the developmentof the visual systemsf catsandferrets. All datesare numberof
daysafter conception.Note thatmary of the main milestonesare very similar in the two animals,but ferretsareborn
approximately3 weeksearlier Sources1) ChalupaandWhite, 1990,2) Wongetal., 1993,3) JohnsorandCasagrande,
1993,4) Daw, 1995,5) Lindenetal., 1981,6) Shatz,1983,7) GarraghtyandSur, 1993,8) CucchiarcandGuillery, 1984,
9) Jefery, 1990, 10) Friedlanderand Tootle, 1990, 11) Suttonand Brunso-Bechtold1991,12) Pennet al., 1998,13)
WongandOakley, 1996.“TCC” is anacrorym for thalamo-corticatell, or dLGN relaycell.
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thata vertical trackthroughthe nucleusrepresents single RF in visual space.Remarkablythere
appeargo bevery little errorin the overall patternof theseconnectionsFor examplemostdLGN
relay cells receve input from only 1-4 retinotopicallyappropriateRGCsandthereis virtually no
overlapbetweerafferentsfrom thetwo eyesor differentfunctionalclassesn thedLGN.

The final organizationof the projectionemepgesearly in development(beforeeye opening)
andis quite predictable(e.g. the orientationof the retinotopicmapsandorderingof the layersis
similar acrossanimals). Thesefactorssuggest geneticmechanisnfor generatingorganization.
On the otherhand,the degreeof precisionin the final arrangemenseemsaunlikely to be directly
determinedgenetically It simply is too muchof ataskto specifythe exactwiring of hundredsof
thousand®f intermingledRGC’s projectingin suchan elaboratgpatternto atamgetlocated2-3 cm
away.

Thereareavarietyof mechanismasidefrom directgeneticcontrolthatmightplayarolein the
establishmentf horizontalandverticalspecificityin connectiity. Threeof themaintypesof mech-
anismsthat have beeninvestigatedare mechanicalchemicalandactvity-dependent This section
will explore the possiblemechanismsnvolved, andwill posit plausiblemixturesof mechanisms
thatareatwork. Therelevantempiricalwork will belaid outin theremainderof this chapter

3.1.1 PossibleMetanismsof Retinotopy

The formation of a retinotopic projectionto the dLGN essentiallymeansthat neighboring
dLGN neurongnustcometo receve inputsfrom eitherthe sameor neighboringRGC's.

Medanical Mechanisms. A mechanicakxplanationseemsto be an obvious candidatefor
preservinghesespatialrelations.Thatis, neighboringcells could simply remainnext to eachother
throughouttheir journey throughthe optic nene, at the optic chiasm,throughthe optic tract, and
eventually innenate neighboringtissues thus preservingretinotopicorder Indeed,much of the
informationaboutspatialgradientsof maturationin theretinapointsto alikely role for mechanical
processef maintainingneighborrelationsin the retinogeniculatgrojection,but this role is lim-
ited. Statedsimply, the fibersbecomedisorderedn transitionto the dLGN wherethey eventually
becomehighly ordered. The fiber organizationin the optic tractis far more disorderedhanthat
in thedLGN (30C° versus.5° of scatterseeSec.2.3.2andVoigt etal., 1983). In light of this sec-
ondaryprecision theremustbeinterveningprocessesvhich sere to organizetheretinogeniculate
projection.

Trophic Factors and Cell Death. Anothermechanismelucidatedby Sperry(Sperry 1963),
dependsn tropic factors. The afferentscould preferentiallybe attractedand/orstabilizedby me-
diating chemicalfactorsthat vary over the pre-synapticand post-synapticells. Sucha chemical
foundationcould be specifiedin at leasttwo ways. Therecould be a particularchemicalor com-
binationof chemicalsspecificto eachafferentandeachtamget cell — akin to having anindividual
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lock andkey for eachcell. This arrangemenis highly unlikely simply becausehe numberof in-
dividual chemicalsheededs prohibitive. A moreplausibleschemaiseschemicalgradientsnstead
of differentchemicalgo specifylocation,two perpendiculagradientsaresuficient for aflat sheet.
For example,anincomingafferentfiber would have a preferentialattraction,determinedy thelo-
cationof its somain the sourcetissue,to specificpreferredconcentrationsf thetwo chemicals—
essentiallymatchingup coordinatesn thesourceandtamettissues.

Therecould alsobe actvity-relatedtrophic factorsthat could guide axonsselectvely toward
co-actve (thus appropriate)ocationswithout shifting the entire arbor In fact, someindividual
axons(after D57) have beenobseredto make grosstrajectorycorrectionsn the cat(Sretaan and
Shatz,1987). Theserareaxonsmale sharpturnsalongthe mediolaterabxis andarborizeat a new
laterallocation. The majority of axonsseemto grow straightinto the nucleus,perpendiculato
the layers,andmonotonicallygrov a morecomplex arborin the appropriatespot. Activity might
alsoaffect patternsof cell deathso asto eliminateprojectionerrors,thusrefining retinotogy. Cell
deathhasbeenshavn in somesystemdo be anactive mechanismn the refinementof retinotogy
(SretvanandShatz,1987).

Activity-DependenMedanisms. Finally, actvity-dependenmodificationof synapsese.g.
Hebbianearning(Hebb,1949),couldutilize patternsof activity to sculptinitially disorderegrojec-
tionsinto preciselyorganizedopographigrojections.This mechanisnessentiallyusescorrelations
betweenthe spontaneougthe retinogeniculatgrojectionbecomesrganizedbeforeeye opening)
actvity of nearbycells (e.g. dueto lateral spreadof excitation)in the retinain conjunctionwith
thatinducedin thedLGN to selectvely strengtherthe synapsefrom spatiallycontiguousRGCsto
spatially contiguousdLGN relay cells. This selectve strengtheningencourageseighboringcells
in the tamget tissueto have neighboringreceptve fields. If this principle is successfullyenforced
acrossall the cellsin thetamgettissue,theresultis a topographicallycorrectprojection(Willshaw
andvon derMalshurg, 1976).

Giventhe precisionof theadultmapandthe interveningdisorderin the projection,it is likely
that activity-dependentmechanismsre neededto supportpreciserefinement. Most modelsof
actvity-dependentopographicrefinementrely on the pruning of initially wide-ranging“blurry”
connectiondo form a focusedarborin the appropriateocation. In contrast,RGC axonsdo not
have wide rangingarborsat ary time duringdevelopment.As aresultthe RGC axonalarborsmust
be capableof shifting over time in orderto be capableof correctinginitially poor(non-retinotopic)
arborplacementin lower animalsentirearborshave beenobseredto shift (e.g.in theretinotectal
projectionof XenopusUdin andFawcett,1988).

Of coursethesemechanismsnight alsowork in concertto attainthe high degreeof precision
in the matureprojection. In factit appearghat a combinationof all three of thesemechanisms
helpsshapeaheformationof aretinotopicprojection.Mechanicafactorsappeato limit thedegree
of disorderin the initial in-grownth. Chemicalfactorshelp the projectionreachfairly high levels
of precisionevenvery early in development.Finally, actvity-driven mechanismsnostlikely help
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eliminate erroneousprojectionsand malke fine adjustmentsn the horizontal position of afferent
arborsandtheirtargetcells.

3.1.2 PossibleMethanismsof Layer Seyregation

A similar story appliesto the developmentof laminarstructure(vertical specificity),but there
seemdo beamuchheaier relianceon actvity-dependentefinement.

Becauseafferentsthateventuallyarborizein differentlayersareintermingledin theretinathe
mechanicakituationin layer formationis unlike thatin retinotopy. Insteadof preservingspatial
relationspresentn theretina,ary mechanicaprocessesvould have to presere spatialgroupings
stemmingrom differentialtiming of axonalmigrationandinnenationinto thedLGN. By capitaliz-
ing onthedifferencesn timing betweercontralaterahndipsilateralafferentsandX andY afferents,
mechanicafactorscouldachieze somemeasuref segregation.

Similarly to retinotopicorganization,chemicalfactorsthataredifferentially distributedin the
different layersof the dLGN could be involved in differentially attractingand stabilizing RGC
arborizationsn theappropriatdayer

Activity-dependenprocessesould sene to clusterafferentsthat tendto be co-actvatedin
clusters/layersn the dLGN. For this processto work, afferentsthat eventually segregate would
have to be lesscorrelatedin their firing than afferentsthat are eventually clusteredinto the same
layer This meanghatafferentsoriginatingfrom the sameeye or functionalsubclassvould have to
be morecorrelatedhanthoseoriginatingfrom differenteyesor functionalsubclasses.

It appearghat mechanistigprocesseandchemicalprocesseselp biasthe orderingof layers
towardthe stereotypicapattern,but they establistonly very roughsegregationandorderingwith a
large degreeof overlap. Activity-dependenprocesseplay a muchlargerrole in the establishment
andrefinemenbf laminarsegregationthanthey doin establishingetinotopicprojections.

A large body of informationandresearclcomesto bearon questionsaboutthe mechanisms
underlyingthe developmentof elaboratestructurein the retinogeniculatesystem. Findings will
be presentedn the samegeneralframevork usedabove in the outline of maturevisual system
organization.The discussiorwill againproceedrom the eye throughRGC’s andthe optic nene,
chiasmandtract andinto finally into the dLGN. Crucial aspectof retinalanddLGN physiology
will alsobe presentedn hopesof specifyingthe potentialrole of activity-dependenprocesses.

3.2 Developmental Trendsin the Eye and Retina

Understandinghe developmentof the eye andretinacan help guidereasoningand assump-
tionsaboutthedevelopmentof its projectiongo morecentraltargets.Of clearrelevancearefeatures
of developmentconcerninghe spatial,temporalor functionalorderingof neurogenesisnaturation
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andaxonaloutgravth. Theseorderingsmight be the sourceof mechanicamechanismsef generat-
ing andpreservingorganizationin the developingRGC projection. In addition,informationabout
the developmentof optics and synapsegan help generatemore subtleinsightsasto the stateof

earlycircuitsandapparenprioritiesin their maturation.

3.2.1 IncreasingAcuity: Anatomicallssues

Theincreasepverdevelopmentjn behaiorally measuredpatialacuityhasoftenbeenthought
to beafunctionof increasingacuity of the neuralvisual circuitry (Daw, 1995). This reasoningup-
portedtheassumptiorthatconnectity in theneonataliisualsystemis “blurry”, meaningmprecise
andlikely exuberantwith transientsynapsesThe existenceof this sortof blurry initial projection
would supportthe role of actiity-driven topographicrefinementfor it indicatesthat mechanical
andchemicalprocessesupportonly coarseorder Yet, thereareseveral featuresof theimmature
eyethataccountor thelack of early spatialacuitywithout makingary assumptionabouttheblur-
rinessof the neuralcircuitry — thuschallengingthe accurag of theseassumptionsboutneonatal
visualcircuitry.

First, theeye doublesin sizefrom about10to 20 mnm over maturation.The areaof theretina
illuminatedby a spotof light roughlyincreasesoughlyby 4 times(A 1° spotprojectsto a129um
and213um diameterspotatbirth andadulthoodrespectiely). It canbeassumedhatif moreretina
processes given portionof spacespatialacuityin thatportionof spacewill increasgFriedlander
andTootle,1990). Therefore the meresmallnesof the neo-natakye canhelp accountfor its low
spatialacuity

Further in thekitten thereis a persistenpupillary membraneandvasculametwork supplying
thedevelopinglens. This network scatterdight anddramaticallylimits the resolutionof theimage
thatreachesetina(FriedlandemandTootle,1990). Priorto D86 in catsthelenssignificantlyblurs
the retinal image; it becomescloseto maturearoundD89. Notably ferrets(Daw, 1995) have a
clearlensby the time of eye-opening(D74) and monkeys and humanshave a clearlensat birth
(FriedlanderandTootle,1990).

3.2.2 Processingand RelayCircuitry befole Transduction

Two othertrendsin retinal developmenttermed‘inner to outer(centripetal)’and“lateral to
feed-forvard” here, might help clarify priorities in the developing retina. Thoughthe retinais
primarily a transductiororgan, the evidencesuggestghat the retinageneratesndrelayssponta-
neousexcitationbefore developingthe machineryfor transductionTheserendspotentiateactivity-
dependeniechanism®f refinemenbecausehey supportthe generatiorof spatiotemporallycor
relatedpatternsof actvity in theimmatureretina(seebelow).

Theinnerto outertrendis manifestin the orderof laminardevelopmentin the retina. Mat-
uration progressesentripetallyfrom the inner (RGC) to the outer (receptor)layers. The inner
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plexiform layer(IPL) is first formedaroundD30 (in newbornferrets(D43) thelPL is theonly layer
presen{Wongetal., 1993)),while the outerplexiform layer(OPL) isn’'t formeduntil D50 — lami-
nationbeingnearlycompletearoundD65 (ChalupaandWhite, 1990). Exemplifying this trend,the
receptorgnaturequitelatein thecat(D71-73(FriedlandeandTootle,1990);in theferret,structures
crucialfor transductionin therodsonly appeamaroundD57-64(Wongetal., 1993)). Someaspects
of thetherelayandmodulatorycircuitry have a developmentaleadon thetransductiortircuitry of
almost6 weeks.

Thereis alsoasomevhatsurprisingyetrobust,orderingin synaptogenesisn thelPL, thecon-
ventionalsynapsethatmodulateactvity laterallyappeaandmaturebeforetheribbonsynapsethat
passnformationcentripetally(i.e. feed-forvard connectionsjChalupaandwhite, 1990). Speaking
in termsof specificdates,in the IPL corventionalsynapseshat modulateactvity laterally appear
by D45 (ferret) (Wongetal., 1993)andmatureby D95 (cat) (Friedlanderand Tootle, 1990),while
ribbonsynapsesppeanby D59 (ferrets)(Wongetal., 1993)andmatureby D115(cat) (Friedlander
andTootle,1990). This orderingsuggesta primag in settingup theintrinsic circuitry of theretina,
asopposedo theretinas ability to take in visualinformation(clearlyits primaryfunction)— per
hapsto supportthegeneratiorandpropagatiorof usefulpatternof spontaneouactvity (described
below).

3.2.3 Centerto Periphery

A mechanicamechanisnfor preservingetinotoyy couldbebasedn a lateralgradientin the
maturation.If the cellsthatmaturedearliestmigratedandinnenatedthe dLGN first they would be
the only cellsthatwould needto be guidedto their exacttamget, later maturingcells could just fill
in the next available space.In this way afferentswould simply be ‘laid down’ in the orderof their
maturationabradientpreservingspatialorder

This schemecould play a role in orderingthe retinogeniculatgrojectionbecausehe matu-
ration of the retinadoesin fact have pronouncedspatialgradients. The retinaof ferretsand cats
maturedaterally from the centeroutward. This trendcanbe seenin patternsof neurogenesigell
deathandlamination. In the cat, the first RGC's arebornin the centralretinaon D21, while the
last RGC's are born aroundD36 in the peripheralretina (Chalupaand White, 1990). RGC’s are
generatedrom D20-D45in the ferret (Johnsorand Casagrandel,993)? Cell deathappeargo be
asspatiotemporallyprogrammatiascell birth.

While thesespatialtrendscould potentiallyplay arole in the developmentof retinotogy, they
do not provide the necessargroupingsfor layer formationin dLGN. Mechanicalmeansof layer

2But thesdfiguresarebasedn tritiated thymadinestudieswherelabelis incorporatednto cellsduringof cell division
— allowing their birth-dateto be determinedby label concentration. Unfortunately only the cells that survive until
adulthooccanbedated thusthefiguresomit’ transient’cellsthatdie beforeadulthood.Thisomissioncouldbemisleading
if thetransientcells play crucial pioneerrolesin settingup projections.Indeed, RGC axonshave beenseenin the optic
stalkasearlyasD19 (ChalupaandWhite, 1990).
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formationwould needthe RGC'’s from eacheye, andfrom eachfunctional subclassto be differ-
entially groupedat somepoint in development. Different developmentaltime-coursesn axonal
outgrawth of the RGC'’s from eacheye andthe X, Y andW subclassesight play a role in the
developmenif layersin the dLGN.

3.2.4 X,YandW Pathways

Unfortunatelydetailsaboutthematuratiorof eachcell classaresomeavhattentatie for method-
ologicalreasons.

UsingmorphologicabifferencessomeRGC'scanbeclassifiednto cell classe®y D52 (Chalupa
and White, 1990), but dueto methodologicakonsiderationspne cant correlatethe morphology
andphysiologyof thesecells until D86-D100weekspost-natalGarraghtyand Sur, 1993). These
difficulties limit our knowledgeof the early developmentaltime-courseof differentcell classes.
Fortunately tritiated thymadinestudiesreveal an interestingorderin the genesiof differentsizes
of RGC’s.

Thesestudieshave determinedhat small ganglioncells (presumablyV-cells) are generated
throughoutheperiodof RGCgenesigD22-D36),andsmallcellsthoughtto bedisplacecamacrine
cells continueto be bornuntil D54. Medium RGC's (presumablyX-cells) begin to be generated
slightly later, the last are born D29 in the centralretinaand D32 in the peripheralretina. Last
generatedrethelarge cells (presumablyy-cells),which aregeneratedn the centralretinaat D32
andin the peripheralretinaD34 (Chalupaand White, 1990). Theseexperimentssuggesthat X-
cellshave a developmentaleadof 4 dayson Y-cells. X-cells areborn beforeY-cells, they reach
the optic tractfirst andmostlikely they grow into the dLGN beforeY cells. Giventhatthe X-cells
cometo dominatethedeepesfmostdorsal)dLGN in theabsencef actvity (seebelov), thesefacts
suggesthat, throughmechanicamechanismsgLGN structuremay reflectthe sequentiabrderin
maturationof RGC cell types(Garraghtyetal., 1986;GarraghtyandSur, 1993).

3.3 RetinogeniculateProjection

Developmentaldetailsof the retinogeniculatgrojectionof the ferret and cat are the center
pointof thispaper Thekey issuesare:theextentandcharacteof disordelin theoriginal projection,
thetime-courseof laminarandretinotopicdevelopmentandthe effectsof variousmanipulationon
the maturationof theseprojections.

Somebackgroundnformation,including milestonesof development(seeTable 3.1) andthe
natureof thetamettissue will helpprovide aframewvork for investigatingtheseissues.
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3.3.1 AnatomicalBadkground: MilestonesanddLGN Tissues

In both ferrets(Johnsomand Casagrande]993) and cats (Chalupaand White, 1990), RGC
axonsarefirst seenin the optic stalkaroundD24 (sometimessearlyasD19). FerretRGC axons
arrive betweerD28-32while in the catthey arrive somavhatlater, D32-35. Afferentsegregationin
thedLGN is completeby D60 andcellularsegregationis completeby D71-74(Shatz,1983;Wong
etal., 1993).

Thereare several subtypesf dLGN relay cell andinterneuronsas classifiedby Mastronarde
(1992).dLGN neurogenesisf bothdLGN relay cellsandinterneuronsccursfrom D22-32in the
cat(Weberetal., 1986;ChalupaandWhite, 1990),andD20-30in theferret
(Johnsomand Casagrandel993). In contrastto retinal neurogenesighereare only weak spatial
gradientqif ary atall) in dLGN neurogenesis the catandferret. X andY cellsin thedLGN can
develop roughmorphologicaldifferenceswithout afferentinput (CasagrandandCondo,1988)—
suggestindhatthey have someintrinsic cell fate. Yet, their physiologicaldifferencesarethoughtto
be primarily aresultof the propertiesof theirinputs.

Synapticdevelopmentin thedLGN is overwhelminglypostnataln thecat. Theperiodof most
rapid increases D73-85, aroundthe time of eye opening. Later developmentin the Y pathway
grows slovly andmonotonically with the numberof Y synapticboutonsincreasingoy a factorof
approximately3, andwith the synapticboutondensityincreasingoy afactorof 2 (Friedlanderand
Tootle, 1990). Presumablythe numberof boutonsin the X pathway actuallydecreaser staythe
sameover this sameperiodbecausdhe X arborsareshrinking(seebelow). To my knowledgethis
issuehasnot beendirectly explored.

3.3.2 Arrival of RGCaxonsat thedLGN

The orderedarrival andin-grownth of RGC axonsinto the dLGN could supportmechanical
processesf afferentsegregation. Axonsfirst arrive in thedLGN from D25-32. The earliestarrivals
arefrom the contralaterakye, with theipsilateraleye arriving roughly 3 dayslater (Cucchiaroand
Guillery, 1984). Superimposedn the contralaterabeforeipsilateraltrendis the X- beforeY- cell
trendasmentionedabove. Thus,X-axonsfrom the contralaterakye aremostlik ely bethe pioneers
into thedLGN.

3.3.3 AxonalandDendritic Arborizationin thedLGN

RGC's runningalongthe optic tracttendto take approximately9®® turnsinto thedLGN both
atinitial in-growth andmaturity Initial in-growth is relatively simple;the fibersgrow in parallel
fashionfrom theoptictract(outer)acrosghe putative layersandtowardsthe middle of thethalamus
(inner). Thereis no evidenceof exuberancen thewidth of RGCarborizationsn thecat,ratherthe
axonsappearto penetratanto the dLGN in a relatively focal and orderly manner(Sretaan and
Shatz,1987).
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In thedLGN RGC axonsinitially form diffuse connectionspanningsererallayers. The pro-
totypicalimmatureRGC axonhasmary shortside brancheslongits trunk, makingit resemblea
straight’hairy’ fiber approximatelyl 00 um wide. As developmentprogresseshe dLGN differen-
tiatesinto eye specificlayersthathave differentialcytoarchitectureafferentsandefferents.Leading
this processthe afferentfibersprogressiely eliminateshortside branchesn inappropriatdayers
and ramify their arborsfocally in the appropriatdayers(Shatz,1994; Sterling, 1990). Thereis
a pronouncedrendin arbormaturationin the dLGN from medialto lateral— probablyinherited
from thegradientof RGC maturation(SretoanandShatz,1987).

The dendritictreesof dLGN neuronsin ferretsfrom D43 throughD97 (peakin arborsize),
decreaseapidly until D133 andthenmoregraduallyto adultlevels (SuttonandBrunso-Bechtold,
1991;SuttonandBrunso-Bechtol1993). Thereseemdo be a marked periodover which dendritic
appendageare formed andtheneliminated. Thesetransientappendageaccountfor the bulk of
dendriticgrownth at the onsetof vision (D73-D99) (Suttonand Brunso-Bechtol, 1993). Most of
theseappendageareeliminatedin laterdevelopment.

3.3.4 Time-Couseof X andY Arborization

As mentionedabove, becausét is impossibleto correlatephysiologyandanatomyof RGC'’s
before D86-D100,thereis nothingknown aboutthe differential developmentof X andY arbors
until well afterbirth. However, the postnatadevelopmentof the arborsof the differentcell classes
is illuminating. The generalpicturethatemepesis thatthe developmentof the Y pathway is more
sensitve to activity patternghanthe X pathway.

Garraghty Sur (Garraghtyet al., 1986; Garraghtyand Sur, 1993; Sur, 1988) and their col-
leaguedave extensvely investigatedandanalyzedhe developmenif thesearborsin thecat. They
foundthatboth X andY arborsextensiely remodelin oppositedirectionsduring the periodfrom
D92 to adulthood. At D65 the retinogeniculatearbors(undifferentiableinto X andY classeshre
uniformly narrav — 80-100um in width (Sur, 1988). X arborsare exuberantin early postnatal
developmentand then shrink down over the first 3 months,while Y arborsgron monotonically
throughoutdevelopment.From D86 to D149,themeanX arborwidth shrinksfrom 180 um to the
adultwidth of 115¢m. Overthe sameperiod,the meanY arborwidth grows from 193 ym to 293
um (for review seeFriedlandeandTootle,1990).

ThesdfindingssuggesthatX arborsareculledbackby expandingY arborsessentiallyreflect-
ing ashift from X to Y dominancen vision. Furthercomplementinghe storyarestudiesnvolving
disruptedvisual experience(for review seeGarraghtyand Sur, 1993). Theseinterventionsalmost
always causeY arborsto be smallerin the A lamina (wherethey overlapwith X axons),but to
remainthesamen the C lamina(wherethey do not overlapwith the X axons).Corversely in these
sameanimalsthe X arborsretaintheir immatureexuberancen the A lamina. This samecontrast
betweenX andY arbordevelopmentis apparentn laminardevelopment(seebelaw).
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3.3.5 Retinotopy

Preseration of retinotopy is one of the moststriking featuresof the retinogeniculatgrojec-
tion. It is ahighly specific,organizedandpreciseconnectiorschemeTheexactmechanismbehind
the developmentof retinotopy areunknavn. In addition,detailsaboutthe developmentof precise
retinotofy (Daw, 1995)andthe effectsof subtlemanipulationson retinotopicdevelopmentareun-
known for methodologicaleasons Developmenton a somavhat coarserscaleis well investigated
though.

Direct Measues: dLGN. Jefery (1985,1989,1990hasdonethe mainto datethatdirectly
investigatesetinotoy in theretinogeniculat@rojection.He ablatesasmallportionof theretinaand
thenanterogradelgtainsthe projectionsto the dLGN andthe SC. To the extentthatthe projection
is retinotopic,thereis agapin thepatternof labelin thetargettissue.Furthermorethe sharpnessf
the bordersof the gapindicatethe sharpnessf the projection?

Jefery hasdemonstratethatthe very earlyretinogeniculaterojectionis retinotopicandthat
the degreeof retinotoy, asreflectedin bordersharpnessiemainsunchangedrom D40 through
adulthood® Furthermorehefindsthatthe degreeof sharpnesss thesamein the SCandthe dLGN
(Jefery, 1985). Thesefindingsareinformatve in seseral ways. First, they demonstratéhatthere
is a notabledegreeof retinotofy evenin thevery early (D40) retinogeniculatendretinocollicular
projections. Second,n conjunctionwith physiologicalwork they establishupperboundson the
resolutionof Jefery’s method.Retinotoyy in thedLGN is far moreprecise,5° of scatterthanthat
in theSC,10-30 of scatter(for review seeVoigt etal., 1983),but this differenceis invisible using
this method.lIt follows thatJefery’s methodhasa resolutionof, at best,10°of scatter

Becauseof theselimitations, the time-courseof fine retinotopic organizationin the retino-
geniculateprojectionis unknavn. It is possiblethatthe retinotogy is fairly sharpfrom the earliest
in-growth of RGC axons,or the projectioncould be relatively disorderednitially (like the mature
SC)andthenrefinegradually If thelatteris truethenactiity-dependenmechanismsnay play an
importantrole in refiningthe projection.

DirectMeasues: SC. Thedevelopmentof retinotofy hasbeeninvestigatedar moreexten-
sively in the SC (andthe tectumof lower animals)thanin the dLGN. In hopesof sheddingsome
light on generaltrendsin the developmentof retinotoyy, the findingsare presentedn brief form
here.

3SretavanandShatz,1987 performedthis sameexperimenton several animalsin which the retinaswereaccidentally
damagednd,asexpectedfoundretinotopicgapsin thedLGN. Thelevel of resolutionwaspoorenoughfor themto state
that“the degreeof topographigrecisionin the projectionfrom theretinato the dLGN duringfetal developmentrequires
muchfurtherdirectstudy”.

“Topographimrganizatioris not demonstrablén the partof thedLGN closesto theoptic tract(C laminae)until later
ages(aroundD44). Thatis, the gapin the labelingdoesnot extendthe full mediolaterakextent of the nucleus rathera
bandof labelingremainshetweerthegapandthe optic tract(Jefery, 1989).
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Chalupaandhiscolleague$1996,1990have doneelggantexperimentgo determinghedegree
of retinotopy in thedevelopingretinocolliculamprojectionin cats.Becaus¢hesesxperimentgequire
in uteo sugery, the precisedepositof a retrograderacerinto the tamget tissue,andthenkeeping
the animal alive for up to 2 days— they are difficult to perform. Becausethe tracerdeposits
arevisually guided,theseexperimentsarelikely performedin the SC becausehat nucleusis not
coveredby the cortex andis thusvisible duringtherelevantperiodof pre-natadevelopment.There
areno comparablestudiesn thedLGN (Chalupapersonatommunication).

Thesestudieshave found lessthan 1% of RGC’s madegrossprojectionerrors. At all ages
(E37 to adult) therewas a focusedareaof high densitylabelingin the retina. The ectopiccells
werescatteredhinly acrossthe entireretina. Thesefindings contrastwith the finding (in the rat)
thatthereis moredisorderin the original projectionthanin the adultprojectionandthatthe ectopic
cellsstemmostlyfrom immediatelyneighboringetinalregions(SimonandO’Leary, 1990). These
differencescould stemfrom methodologicabr specieglifferences.

3.3.6 LaminarOrganization

Therearetwo main substrate®f laminarstructure:the segregationof RGC axons(“afferent
sgregation”), and physical segregation of dLGN cell bodiescorrespondingo the formation of
interlaminarcell-sparsespaces. Cellular laminationlags afferent segregation by about2 weeks,
startingaroundD60 andcontinuinguntil just beforeeye opening(D73) in the ferret(Lindenetal.,
1981).

The segregation of axonsis two-fold with eye-specificlayersand on/off sublayerdorming.
Themostrohust, earlyandmarked segregationis betweerthe afferentsfrom thetwo eyes. Thatis,
the RGC axonsfrom the eacheye segregateover the courseof developmentsuchthatin the adult
animalthey arborizein roughly alternatinglayers. Axons crossthe layersinnenatedby the other
eye (if necessaryyith aminimalaxonalshaft,rarelyretainingary sidebranchesterminalboutons,
or synapse# theinappropriatdayers(Shatz,1983; SretoanandShatz,1984; SretaanandShatz,
1986).

Theaxonsof differentfunctionalsubtypeof RGC’s(i.e. X, Y, andW cellsor onandoff cells)
alsotendto focally arborizein somelayersof the dLGN while only traversingor simply avoiding
inappropriatdayers. Axons from on andoff centerRGC'’s do not segregatein the cat, but they do
separateo form separatesublayersn the A laminaeof theferret. The on/of layersform afterthe
eye-specifidayers(WongandOakley, 1996).

Sgregation of Afferents. Theaxonsof differentfunctionalsubclasseef RGC's (e.g.onand
off andX- andY-) aregroupedn theoptic nene (SretaanandShatz,1987). However, whenaxons
grow into the dLGN, the arborsfrom the two eyesandfrom differentfunctional classesoverlap
extensvely. This tendeng toward initial overlapof the afferentsis wealer in catsthanin ferrets
or monkeys. Accordingto somereportsmonkeys have 100%anatomicaloverlapin the immature
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dLGN (Rakic,1977p. 206 asquotedin (Shatz,1983)),while ferretshave nearlycompleteoverlap
in thebinocularportionof thenucleugLindenetal., 1981,but seePennetal., 1998for illustrations
of incompleteoverlapat D41).

In bothferretsandcats,theimperfectmixing of afferentsreflectsthe early contralateraomi-
nanceof thedLGN. Contralaterahfferentsarrive first andpenetratall theway to themedialborder
(the A laminae),aheadbf theipsilateralaxons.lt is thought(Shatz,1983;GarraghtyandSur, 1993)
thatthis givesthe contralaterabxonsa competitve advantagein occupying the deepesi laminae
(i.e. theportionof the dLGN farthestfrom the optic tract). In fact, the deepesportion of the cat’s
A laminaeis neverinnenatedsignificantlyby theipsilateralafferents(seefigure 13 (Shatz,1983)).
In ferrets,theipsilateralcomponentfills the entiredepthof the nucleusearlyin developmentCuc-
chiaroandGuillery, 1984),althoughit never innenatesthe monocularsegmentof the nucleus(see
Fig.4.1landseeSec.3.3.7).

In catsandferretsalike, afferentsegregation startsbetweenD43-47 andis completearound
D60, about2 weekshefore eye opening(Cucchiaroand Guillery, 1984). In cats, the extent of
overlap peaksaroundat D45, at this point 90% of dLGN cells canbe driven binocularlyandthe
percentag®f dLGN thatis highly innenatedby botheyesis 40%. At birth (D65) around50% of
the cellscanbe driven binocularlyandthe afferentsare highly segregatedsothatlessthan10% of
the dLGN is innenatedsignificantlyby both eyes. In addition,theremustbe significantpostnatal
developmentof the connectionsbecausedinocularly driven cells are quite rare in the adult cat
dLGN (ShatzandKirkwood,1984;Shatz,1983).

The order of lamination proceedsoughly from the deepesportionsof the dLGN to those
closesto theoptictract. At D47 in catstheafferentsfrom the contralaterakye overlapsAl, except
in the posteriorpole, wherelaminationhas presumablystarted. At D54 afferentsto A1 and A
are segregatedbut the C laminadivisionsaredifficult to discern. By D60 in catsthe segregation
betweerlayer Al andlayerC is visible (Shatz,1983). Adjacentlayersinnenatedby the sameeye,
e.g. on andoff leaflets,are segregatedafter thoseinnenatedby different eyes (Casagrandend
Condo,1988).

At D43 (birth) theferretdLGN is unlaminated.The eye-specifidaminationof RGC arborsis
nearlycompleteby D48-D51(Pennetal., 1998;WongandOakley, 1996). FromD43-D46theipsi-
lateralfibersprogressiely concentratén the caudalandmedialregion, andthe contralaterafibers
retreatto thelateralareaandtherostralmedialarea.BetweerD47-D51theipsilateralrepresentation
expand,denselyinnenatesAl andlightly innenatesC1. The contralaterafibersoverlapthe bor
dersof Al andall of C atthis point. Theafferentsarecompletelysegregatedinto eye-specifidayers
afterD58 (Lindenetal., 1981). In ferrets,the segregationof on andoff afferentsin dLGN occurs
afterthe eye-specificaxonseggregation— from D55-64 (Wong and Oakley, 1996). MaturedLGN
cellsin the ferretand cat are monocularlydriven and arefunctional classspecificphysiologically
(seeMastronarde1992for counterexamples).
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Developmenbf Cellular Lamination. In cats,cellularlaminationlagsafferentlaminationby
about2 weeks.Cytoarchitecturasegregationof A/Al startsaroundD60 (Shatz,1983). The A1/C
interlaminarzoneemegesaroundD68 reachingits maturecell-sparsecharacteby D79 (Chalupa
andWhite, 1990).

In ferrets, lamination betweenlayer A/A1 occursbetweenD51-58. Cellular laminationis
apparentwhen the RGC arborsare still overlappingthe interlaminarboundariegLinden et al.,
1981). Thelaminarmaturationof the nucleuss completeby D71 (Wongetal., 1993;Lindenetal.,
1981). Althoughthe C laminaeseagregateafter thoseof the A laminae,mary of thecellsin theC
laminaeare actuallymore morphologicallymaturethanthosein the A laminae. This paradoxical
trendreflectsof the relatively early maturationof the W-cells, the primaryinputsto the C laminae
(FriedlanderandTootle,1990).

Thecell sparsanterlaminarregionsreceve inputsfrom extra-retinalsourcesfterthe process
of laminationis well underway. It is thoughtthatthisin-growth (perhapgust following the pathof
leastresistancejnay add mechanicahssistanceo the presumablychemical(trophic) influenceof
actvity onlaminardevelopmentCasagrandandCondo,1988).Interestinglythecell freespacen
thedLGN representinghe optic disc forms at the sametime thatthe interlaminarspacesareform-
ing. This suggests link betweenrefinementof retinotoy andlaminarsegregation (Casagrande
andCondo,1988).

3.3.7 Activity Dependencef Eye-Specifit.ayer Seyregation

Lid suturedarkrearing,pharmacologicablock of actvity in theeye or dLGN, andenucleation
(removal of aneye) all eliminatedifferentaspect®of actvity duringdevelopment.

Acrossthesemanipulations X arborsseemto have their developmentspecifiedrelatively in-
dependenof actvity, andtendto ramify in the appropriatdayerin almostall cases.Y axons,on
theotherhand,seemto rely onactiity to enableéhemto competitvely grow theirarborsafterbirth.
Without normal patternedbinocularinput the Y arborstendto be smallerthannormalin layers
thatreceve X input, andtheY arborswill invadedeaferentiatedayers,evenif they arenormally
inappropriatdargets(Garraghtyand Sur, 1993). In summary the laminarlocationof X arborsis
relatively actvity-independat while thatof Y arborsis relatively actvity-dependent.

Dark Rearing Lid Sutue, and Strabismus. The methodsof lid suture,dark rearing, and
strabismus areonly possibleafterbirth (D43 in ferrets,D65 in cats)andareonly usefulafterthe
onsetof photoreceptofunction (after D57 in the ferret (Wong et al., 1993)andafter D71 in the
cat— 5 daysprior to eye opening(Friedlanderand Tootle, 1990)). In the catthesemanipulations
caninfluencethe maintenancef afferentsegregation (the initial segregationis largely completed

SStrabismuss misaligningthe two eyesthroughsumgery This procedurealtersvisual input suchthat pointsin the
opposingretinasthatwould normally have overlappingreceptve fieldsno longerdo.
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by D65 in cat), the postnatalintralaminardevelopmentof axonalarbors(in the cat peakingfrom
D65-D93andcontinuinguntil D140 (Garraghtyand Sur, 1993)),andthe developmentof cell free
interlaminarzoneg(startsD60 in the catandferret).

All of thesethesemanipulationseliminatethe fine binocularpatterninformation that would
normallybepresentn visualstimuli. Thereis aninterestingcontrastetweertheresultsof binocu-
lar lid sutureanddarkrearing.While lid sutureselectvely preventsvisual patterninformationfrom
reachingthe reting, dark rearingentirely eliminatesthe influenceextrinsic actity. Interestingly
themerepresenc®f relatively unpatternedight seemdo affectthedevelopmentof RGCarborsin
thedLGN.

In dark rearedanimals,postnataldevelopments slowed but therearenot significantchanges
in laminationor X/Y axonmorphologyin thedLGN. Thetruly surprisingresultis thatdevelopment
is normalin darknesslf theY axonsaretakento expandundertheinfluenceof externally provided
input,thenthe Y arborsin the darkrearedanimalswould be expectedto be smallto the extentthat
thereis no actvity in the eyes. Clearlythereis no activity thatis correlatedoetweerthe two eyes
in anormalfashion. Intrinsic actvity (analogougo theretinal waves presenteforeeye-opening)
might provides enoughinformationto supportnormaldevelopment(Garraghtyand Sur, 1993). It
is known for examplethat RGC's in the adult ferret retinaare spontaneouslyactive during sleep,
thoughnotin thehighly spatio-temporallypatternedvaythey arein fetal developmeni{Wongetal.,
1993). Perhapxtrinsic sourcef light actasatriggerto endthe periodof spontaneoupatterned
actiity in theretinaandthis signalis bypassedn dark-rearedcainimals.

In contrastbinocularlid sutureandstrabismugpoth preventRGC axonsfrom developingnor
mally. Specifically both manipulationcausehetheY arborsin the A laminaeto be smallerthan
normal,but do noteffecttheY arbors.This patternsuggestshatthe Y arborsaredisadwantagedn
the A laminawherethey competdor spacewith X axonsbut arenormallysizedin thelayerswhere
they dont have to competgGarraghtyand Sur, 1993). This disadwantagestemsfrom both lack of
fine patterninformationandmisalignedbinocularinformation.

Onepossiblemechanisnsupportingthe abnormaldevelopmentafter strabismuss the asyn-
chronizatiorof firing in nearbydLGN cells(GarraghtyandSur, 1993). Thenormalalignmentof the
retinotopicmapsin adjoininglayersmighttendto supportthe synchronoudiring of nearbycellsin
differentlayersbecausehosecells have receptve fieldsin nearbypartsvisual space.lt is possible
thatthe misalignmentinducedby strabismugauses asynchronicityin thefiring of nearbydLGN
cellsin differentlayers.This asynchronicitycouldunderminemechanismsf “cooperatve grovth”
betweenY cellsin adjacentiayers(e.g. locally releasedrophic factors)that might normally be
present.

Enucleation. In caseof binocularenucleatiorthereare, of course,no afferentsto be seg-
regatedin the dLGN. It hasbeennotedthough,thatinterlaminarspacedail to form in casesof

6See(GarraghtyandSur, 1993)for discussioraboutvisualinformationthatdoesgetthroughthe eye-lids.
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binocularenucleationsuggestinghatthis processs dependentn the presencef retinal afferents
(CasagrandandCondo,1988;Guillery etal., 1985).Overall dendriticarborstendto grow slightly
lessin binocularlyenucleatederrets. Theincidenceof long unbranchediendritesseemmorecom-
monin enucleateshanin normals(SuttonandBrunso-Bechtol1993). The developmentof some
aspect®f dendriticmorphologyalsoseento beslowvedby binocularenucleationFor example club
like appendage@erminalclusters/glomerulilont shav up until afterD64 in enucleatednimals,
but shav up beforeD64 in normals(SuttonandBrunso-Bechtol1993).

Monocularenucleatior(andthe applicationof TTX) aftertheformationof eye-specifidayers
(i.e. atbirth in cats,or 3 weeksafter birth in ferrets)preventsthe normal postnataldevelopment
of the X andY arbors. The X arborstendto retain the exuberantarbor size that they achiere
betweenD86-93. The Y arborstendto be smallerthanaveragein the A laminae,andthey also
tendto sproutinto inappropriatedeprivedlayersandarborizethere. They seento follow thecourse
of leastresistanceramifying their arborsin areaswith minimal competition(Garraghtyand Sur,
1993). Underthesemanipulationspoth X arborsandY arborsare more diffuse thanin normal
development.

Monocularenucleationin combinationwith lid sutureof the remainingeye resultsin more
clearlydefinedlaminationthanthe monocularenucleatioralone.If oneinterpretdaminarstructure
asa resultof even competitionbetweenthe eyes (andfunctional cell classes}Yhenthis finding is
not surprising.Essentiallythe sutureattenuateshe competitve advantagethatis givento the non-
enucleatedye — providing amorebalancedactiity (Garraghtyetal., 1986).

Monocularenucleatiorbeforethe periodof layersegregation(pre-natallyin cats,or atbirth in
ferrets)leadsto radically abnormalaminardevelopmentin the dLGN. Roughlytwo layersform, a
magnocellulatike layerlikely consistingof collapsedA, Al anddorsalC, andapanocellularlike
layerlikely consistingof the moreventralC layers. Theselayersareseparatedby a cell free zone.
The X andY arborshave differentetiologiesin theseanimals. X axonsterminatein regionsthat
would betheappropriatdayersfor their eye of origin in alaminateddLGN — in theinneror outer
portion of the magno-lile layerin contralaterabndipsilateraldLGN respectrely. Y axons,onthe
otherhand,arborizethroughoutthe magno-lile layer, presumablydueto lack of competition(Sur,
1988).

Phamacolgical Blockade Application of TTX before the period of laminar segregation
blocks eye-specificlayer development(Shatzand Stryker, 1988). Someevidencesuggestdhat,
evenunderthe influenceof TTX, the ipsilateralafferentsdo not innenateall of layerA (i.e. they
dont reachtheinnermostborderof the nucleus). The dLGN doesgrow to normalsizeduring TTX
applicationandarborsdevelop, thoughabnormally so TTX doesnot simply freezedevelopment
(Sretavanetal., 1988).

TTX actuallyencouragesxuberangrowth in thedeprvedRGCarbors.Undertheinfluenceof
TTX, theretinogeniculatarborsfrom eacheye arborizein the entirenucleus sometimegrossing
its entire mediolateralextent. The silencedRGC'’s have much wider, more extensve, and less
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selectvely ramifying arbors(Sretaan et al., 1988). This expandedarbor size may accountfor
the elongateddiffuse and sometimegatchyreceptve fields of deprived dLGN relay cells when
comparedo non-depned cells (Archeret al., 1982). Following this tendeng toward exuberance
in the absenceof actvity, the numberof dendritic spinesin catswith TTX appliedto the optic
nene andthalamuss 300%the numberin normals(Dalva etal., 1994). Thesedendriticspinesare
capableof forming functionalsynapse¢Dubin etal., 1986)eventhoughthey arefrozenatthepoint
of impulseblockade retainingimmaturecharacteristicéKalil etal., 1988).

Applicationof TTX to neonatakittenspreventsthedLGN cellsfrom receving inputfrom only
oneRGCtype.NormaldLGN cellsreceve inputsonly from oneof eachof thesesubtype®f RGC's.
In contrast,dLGN cellsafter neo-natalT TX applicationreceve inputsfrom both X andY RGC’s
andfrom both on andoff-centerRGC's. TTX seemgo allow RGC's to form functionalsynapses
on cellsthatarenottheir matchedpartners.Thesdfindingsareconsistentvith theabnormalgrowth
seenin RGCarborsundertheinfluenceof TTX. Theseeffectsareattenuatedby allowing arecovery
periodafterthe deprvation or by delayingtheinitial deprvation (the measuras numberof mixed
on/off cells (Archer et al., 1982)). The attenuationof the effect of deprivation demonstratethat
dLGN connectiity losessomeplasticity after early post-nataldevelopment. The ability of older
dLGN (D100-D114)cellsto partially recorer from deprivationdemonstratethatthe dLGN retains
someplasticity long after segregationof the afferents(D58), andcellular segregationarecomplete
(D80) (Archeretal., 1982;Dubinetal., 1986).

Intra-ocularBlodkade Recentlyresearcherbave managedo block actvity attheeye using
intra-ocularnjections(Penretal., 1998).Intra-oculaiblockadehastheadwantagehatit canbeused
to investigatethe role of actvity-dependentompetitionbetweersynapsesCompleteblockadeof
actiity atthedLGN cannotprovide informationaboutthe role of competition,becausectvity at
all synapsesreblocked simultaneously

Usinginjectionof epibatidinganAchRcholinegic receptoblocker, time-releasediaimpreg-
natedatex micro-spheres}theresearchersompletelyabolishedvave actvity andactionpotentials
in theRGCsof injectedeyes.Repeatedhjectionsduringthe periodof eye-specifidayersegregation
(D41-D50)blocked the laminarsegregationof retinal afferents. In fact, in theipsi-lateraleye, the
projectionfrom the treatedeye decreasedubstantially(even disappearingn someanimals). The
treatedeye’s projectionto thecontra-lateratetinalremainedalmostnormalin themonoculaportion
of the nucleus but wasmuchsmallerin the binocularportion of the nucleus(i.e. layer A is much
smaller). Theremainingprojectionto the binocularportionsometimesemainedntermingledwith
theipsi-lateralprojectionfrom the untreatedeye. In the caseof binocularinjectionthe monocular
regionsof thedLGN still recevedinputsfrom only thecontralaterakye. In thebinocularregionthe
axonsfrom both eyesareintermingled,with little sign of eye-specificlayer formation. It appears
thatlayerformationis dependenbn the actvity-dependentompetitve interactionsbetweerRGC
axons.
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Theresearcheralsopoint out thattheir experimentsuggestshatretinotofy is preseredwith-
out theinfluenceof actvity, because¢he monoculamortion of the retinaappeardo receve inputs
from the appropriataetinal sourceswithout the influenceof activity. This degreeof retinotopy is
roughly equvalentto thatdemonstrateth Jefery’s work discusse@bove in Section 3.3.5.

3.3.8 Activity Dependencef On/Of SublayerSeayregation

The formation of on/off sublayerdn the ferretis actvity-dependent.Hahm and colleagues
(1991)blocked N-methyl-D-asparattNMDA) receptomediatedactiity by administeringd-APV
(anNMDA receptorblocker) to the thalamusduring the period of on/off layer segregation (D55-
D62). They found that the sublayerdfailed to segregate,and RGC axonalarborsoften spanthe
sublayersEvenwhenthe arborsarerelatively restricted they arepositionedwithout respecto the
sublayerborders.Notably APV doesnot abolishgeniculateactvity (unlike TTX) — it attenuates
the post-synaptiactvity. Their resultshighlight the specificrole of NMDA receptormediated
actiity in theformationof thesublayers.

3.3.9 MapsandLayers: Shifting

Jefery’s work (1985,1989,1990hassomeinterestingimplicationsbeyond demonstratinghe
presencenf retinotoy in the early retinogeniculatgrojection. His findings demonstratehat, in
neo-nataferrets,boththeipsilateralandcontralateraprojectionsto the dLGN innenatealmostthe
entirenucleus However, aswasmentionedabove, theipsilateralprojectionis smallandonly comes
from a small patchof the temporalpart of theretina. The contralateraprojectioncomesfrom the
entireretinain the neonateand only the centraland nasalportion of the retinain the adult. The
mosttemporalportion of the contralateraprojectiondiessometimebetweenD41-45. The portion
of visualspaceaepresentetly the neonatalpsilateralprojectionis only in correspondenceith the
mostcaudalportion of the contralateraprojection. This meanghatthe neonatabprojectionsfrom
the projectionsfrom the two eyesarenotin registerasthey arein the adult (compareFigs. 1 and
11in Jefery, 1990). The projectionsmustshift in relationto eachother suchthatthe ipsilateral
projectionis limited to the caudalportion of the nucleusis alignedwith the correspondingportion
of the contralateraprojection.

Becausdhesemapsshift andbegin to comeinto registeraslaminarsegregationis occurring,
the mapsmust“shift througheachother” during this portion of development. This phenomenon
demonstratethataxonalarborsin thedLGN arecapableof adjustingrelative to otherarborswithout
requiringthe cell to pruneaninitially exuberantarbordown to afinal shape Jefery postulateghat
the two mapsfirst comeinto register at a single point, the caudalpole of the nucleus,whenthe
temporalportionof the contralateraprojectiondiesout. This lossbringsthe mostcaudalportionof
both the ipsilateralandthe contralateraprojectioninto registration— i.e. they thenrepresenthe
samepoint in visual space.After this point Jefery postulateghatthe mapsseekregistrationat all
points,shrinkingtheipsilateralprojectiondown to the only portionof the contralateraprojectionto
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whichit it correspondsandleaving the lateralportion of the ferretdLGN with purely contralateral
innenation (compardrigs.land11in Jefery, 1990).

To the extentthatthis shifting occursafter eye opening,actiity couldplay arole in aligning
the mapsfrom the two eyes. Beforethat point actiity cannot help align the layers,becausdhe
retinalactiity atcorrespondingpointsin thetwo retinasis not especiallycorrelated.

3.4 PhysiologicalDevelopment

Activity-dependenprocessesare qualitatvely differentthanmechanicabr chemicalmecha-
nismsbecausehey arefoundedin the transientelectricalactiity of the cellsratherthananatomy
Key issuesaboutactiity-dependentnechanismare: whetherthereis activity presentat the right
time andin the right form to effect developing projections,whetherthe actvity thatis presentis
propagatedetweentissuesin a way that could supportthe developmentof useful structure,and
whethertheimmaturedLGN displayslong-termpotentiation(LTP) or otherHebbianprocesses.

3.4.1 Immatue dLGN Physiolgy

In orderfor actvity-dependentmechanismgo be at work in the retinogeniculatgrojection,
the immaturedLGN musthave two physiologicalproperties:responsienessto retinal input and
LTP or a similar mechanisnof synapticchange.Both of thesepropertieshave beenfoundin the
developingdLGN, asdescribedbelon. Becausdhe detailsof the dLGN's responseo retinalinput
arecentralto the presenmodel,they will bediscussedtlength.

Retin@eniculate Transmission. The earliestfunctional retinogeniculateconnectionis D39
(ShatzandKirkwood, 1984), well beforethe period of laminar segyregation. Recentstudieshave
shawvn thatburstingexcitationduringthefirst post-nataiveeksis transmittedo thedLGN andmay
evenhave awave-like charactethere(Pennetal., 1995;Moonegy etal., 1995).

Theinfluenceof thisretinalinputis potentiatedy severalfactors,ncludingthelack of spindle
wavesin dLGN relaycellsbefore~D65 (McCormicketal., 1995). Theability of dLGN relaycells
to fire CA%* spikesalsodoesnt appeabefore~D62 (RamoaandMcCormick,1994a). ThedLGN
relaycellsarethusstuckin the“tonic” stateduringthis periodof development.Theabsencef these
formsof intrinsic dLGN actiity presumabhsupportghetransferanduseof retinal excitation,and
is likely linkedto immatureinhibitory circuitry.

AttenuatedGARBA inhibition. Anatomicaland physiologicalevidenceindicatesthat GABA
inhibition in thedLGN is highly attenuatediuringthelayerandsublayersegregation.dLGN tissue
stainedwith antibodiesfor GABA and GABAergic enzymegglutamicacid decarboxylaseGAD)
doesnot shav detectablestainingin the A layersuntil the end of eye-specificlayer segregation
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(D59)in the cat(Shotwelletal., 1986). Evenat D59 the distribution of stainingis far wealer than
at maturity — nearmaturelevels of stainingarent seenuntil 2 monthsafter birth. The presence
of stainingat glomerularterminalsis only presentafterthe first postnataimonth. Lik ewise, at the
post-synaptianembranethe numberof GABA receptorson glomeruliincreased 0-20fold from
POto maturity (FriedlanderandTootle,1990). Ultrastructuralanalysisof the glomerularstructures
supportghe conclusiorthatglomerularstructuresarevery immatureat birth andonly begin to take
ontheir distinctive structureafterafterthethird postnataiveek(Mason,1982).

Thesdfindingsarein accordancavith the physiologicalfindingthat GABA mediatedunctions
in the dLGN maturelargely afterthe focal periodof refinement.In the cat, inhibition hasa mea-
surablemodulatoryeffect on dLGN relay cell responsenly after D59 in the cat, at a time when
sayregationof afferentsis nearlycomplete. The responsef dLGN relay cellsto GABAa stimula-
tion emepgesat a similar time, becomingmeasurabl@about10 daysbeforeeye openingandslowly
maturingafter that point (Friedlanderand Tootle, 1990; Shatzand Kirkwood, 1984; Ramoaand
McCormick,1994b).

Both GABAa andGABADb mediatedPSPsareabsentt birth in theferret. GABAa mediated
IPSPamaturegraduallyfrom birth to ~P21,while GABAb mediatedPSPsdon't matureuntil after
P21(RamoaandMcCormick,1994b;White andSur, 1992).Interestinglyit is possibleto generate
recurreniPSPsby stimulationof the RNT/PGNwell beforelPSPscanbe evoked by feed-forward
stimulation(RamoaandMcCormick, 1994b),thusGABA receptorsseemto be operationabefore
they areusedby thefeed-forward sensorycircuits.

HeightenedNMDA excitation. ThedLGN relaycellsduringthe periodof segregationactually
respondespeciallyeasilydueto moreefficaciousNMDA receptorfunction, inhibited burst firing,
attenuatedestingpotential(RamoaandMcCormick,1994a) Jongeractionpotentialdurationg(4-5
timeslonger),andlongerEPSPE~2 ordersof magnituddonger RamoaandMcCormick,1994b).
Theseeffectsareduepartly to thelengthenesgmembrangime constanandNMDA generatedEPSC
durationin immaturedLGN relay cells, but they aremoredramaticallyeffectedby theinitial lack
of GABA mediatedPSPRamoaandMcCormick,1994b).

Becausdghe EPSPsareuntruncatecby GABA inhibition, a 25Hz excitatory input (the firing
rateof anRGCatthe peakof aretinalwave) will cumulatvely depolarizeanimmaturedLGN relay
cell, but not a maturecell. Further in animmaturecell a weak depolarizations morelikely to
generatanactionpotentialbecauséhe membrandiasa lower restingpotential,andis closerto its
firing threshold.

Interestinglythe NMDA componenbf the excitatoryresponseés eventuallyovershadweed by
otherexcitatory channels.Blocking the NMDA receptorsliminatesthis EPSPsummationin the
first 2-3 weeksof developmentput after D65 NMDA blockadehaslittle effect on the responsiity
of dLGN relaycells(RamoaandMcCormick,1994b).
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ReceptiveField Development. dLGN relay cells have weak inhibitory surroundsand large
receptve fields prior to ~D65 in cats(i.e. the surroundstrengthis only about50% of its adult
magnitudeby D62, Friedlanderand Tootle, 1990). Thereis evidencesuggestinghat the lack of
inhibitory surrounds dueto immaturityin theinhibitory pathwaysin the dLGN. BerardiandMor-
rone (1984)testedthe effects of applicationof GABA anda GABA agonist(bicuculline)on the
responsesf X-type dLGN relay cell responseto sinegratings. Although GABA applicationin-
hibited the cell’'s responsethe applicationof the bicucullinehadno measurableffect onthecell’'s
responseropertiesheforeD95 in cats. Bicuculline haseasilymeasurableffectson the response
propertiesof maturedLGN dLGN relay cells. This finding suggestshat even after the inhibitory
pathwaysarelargely in place,they arenotfunctioningto shapedLGN relay cell responseintil the
secondoost-natamonth.

OtherresearcherbBave foundthatspatialresolvingpower andsurroundnhibition in thedLGN
changedramaticallyaroundD80. At this point the accentuatiorof the inhibitory surroundseenin
the dLGN startsto reachmaturelevels (IkedaandTremain,1978;Danielset al., 1978).

3.42 LTP

TheimmaturedLGN exhibits LTP (Mooney et al., 1993), perhapseven heightened-TP due
to heightenedNMDA channelefficacy comparedo the maturedLGN (Ramoaand McCormick,
1994b). This suggestghat during the period of laminar segregation, the dLGN hasheightened
responsiity to retinal signalsandthe ability to usethosesignalsto guiderefinemeniof theretino-
geniculateprojection.

3.4.3 RGCSpontaneousctivity

It hasbeenfoundthatthe developingretinais active in a surprisinglyorganizedfashion.This
actvity seemswell-suitedto supportactvity-dependetrefinementof the retinogeniculatgrojec-
tion. Becausehe actvity is highly systematicand correlatedwithin eacheye, and probablynot
correlatedbetweenthe eyes, thesepatternsof activity cansupporteye-specificsegregation of af-
ferentsin the dGLN. Roughcalculationsalsosuggesthatthe waves could supportactvity-driven
refinemenbf theretinotopicprojectionto adultlevels of precision.

Usingarraysof micro-electrodegMeisteretal., 1991;Meisteretal., 1994;Wongetal., 1993),
andvoltage-sensitie dyes(Wong et al., 1995; Feller et al., 1996), researcherbave beenableto
recordactivity in theimmatureferretretina. They have foundthis actiity to be quite regularand
systematic— essentially waves of high firing rates,or bursting, travel acrossthe retina. These
waves propagatehroughthe ganglion(and amacrine)cell layer during the period from D43 (at
latest)up to D64. This actvity is independendf light, in fact the photoreceptorsre not even
functionalduringthis period. Thewavesdisappear-D73 just beforeeye opening(D75). Theadult
retinais alsospontaneouslgctive, but only in thedark,andnotin suchanorganizednannerWong
etal., 1993).Importantly thetiming of thisorderedactiity coincideswith thetime thateye-specific
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layersof the dLGN aredifferentiatingand perhapsvhenretinotopicmapsare beingrefinedin the
dLGN (Wongetal., 1993).

Thewavesarebandsof ganglioncellsfiring in sustainedurstsat the crest,with neuralfiring
ratesfalling off with distancdrom thecrest.Wavesgenerallyoccuroneatatime, staggeredby quiet
periodsof 30 to 60 secondgWong et al., 1993). Wavesbecomebroaderand more frequentover
developmentput they move atthe samespeedegardlesof age(Wongetal., 1993). Thesewaves
only includetransientsubdomain®f the retina(e.g. alarge onemight cover a third of theretina),
they move quiteslowly (around1%to 10%thespeedf normalsynaptictransmission100-300£7-
with burstsof speedup to 500 £7%), andthey startfrom randompointsand propagaten random
directions(Wongetal., 1993;Felleretal., 1996). Investigationsnto the anatomicabasisfor these
waves suggestghat they propagatahroughsynaptictransmissionandthat cholinegic amacrine
cellsareinvolvedin wave propagatior(Felleretal., 1996).

Retinotopy (Wong et al., 1993) madecalculationsshawing that thesewaves have the right
temporalpropertiego supportiong-termpotentiation(LTP) in the dLGN. Studiesin the hippocam-
pusindicatethatspikesarriving within .05sof eachother(“coincidentspikes”), canpotentiatd TP.
During the time of wave actvity, nearbycells have up to a 100x the numberof coincidentspikes
thanwould be expectedat random(P0,P21:20x, P30:4x, adult: 1 x). The numberof coincident
spikesdeclinesaxponentiallyin proportionto distanceat all ages.Roughly atbirth (D43) ganglion
cellsseparatethy 200 um have spikeswhich arelessthanhalf asstronglycorrelatedascellsthatare
neighbors.Thereis still arelatively high correlationbetweermary of the cells separatedby up to
600 um (averageof 5 timesascorrelatedasrandomcellsfrom D43-D65,but the authorspostulate
thatcorrelationsgdropto randomaroundl mm).

Becausdhe wavespropagateén differentdirections,andcanbe orientedin ary direction,they
cansene to clusterthe axonsof RGCsat relatively distantpoints(i.e. thelengthof the wavefront)
in theretina. The extentto which the waves may aid in the refinementof retinotofy requiresthe
corversecalculation— i.e. whatis the minimum distanceat which RGC'’s are differentiatedby
their activity patterns. For example, a very wide wave would do little to differentially activate
neighboringRGC'’s andcould not supportthe segregationof their afferents.

In concreteterms, the overall width of wavesis about200-400um (Meister et al., 1994);
this corresponds$o a width of approximately5-15RGC'’s (calculatedrom RGC densitieseported
in (Sandersonl1971). (Wong et al., 1993) suggestghat the distanceover which the numberof
coincidentfiringsdropsby 50%is a plausibldowerboundonthis minimally differentiabledistance.
This boundroughly doublesfrom 170to 300 um from D43-D48andthenstaysconstanthrough
D73. In conjunction,the retinaexpandsduring this time (D48-D73) reducingthe densityof cells
in the mid-peripheralretinaby 50%. The numberof cells that arewithin the crucial distancefor
supportingLTP thus goesdown by 50%, effectively sharpeninghe extent of the wavesin terms
of RGC's eventhoughthe wavesare physicallywider (Wong et al., 1993). Determiningwhether
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this degreeof precisionis sufiicient to sharperthe projectionto adultlevels of retinotofy requires
furthercalculations.

1° of visualangleis approximately130um in aD79 catretina(FriedlandeandTootle,1990),
yielding alower boundon sharpenings approximatel\2.5° (300pm/1305—$). Thus,wave actiity
candifferentiallyactvate RGC's thatare2.5° apart. The RGC axonalarborsin the dLGN overlap
thoseof other RGC'’s from 2° (areacentralis)to 11° distant(periphery). Similarly, the scatter
in receptve fields of cells that have RF centersat the samepoint in visual spacehave an overall
scatterof 2-10° (areacentralisto periphery),with the standardieviation of the scatterbeing.5-2
(Sanderson1971)/ Giventhatthe recordingsof retinasweredonebetweerthe blind spotandthe
periphery(Meisteret al., 1991; Wonget al., 1993),they likely arebetween5-20° eccentricityin
theretina. Therefore,jn the adultthe minimal amountof visual distanceonecanshift andbe sure
of shifting laterallyin termsof dLGN cellsis approximately3-5°. By thesecalculationsthewaves
couldseneto refineretinotofy to adultlevelsin the dLGN.

Laminar Seyregation. Wave actvity generategoincidentspikeswithin a retinabut not be-
tweenthe two retinas.Becausdhe wavesarepassedy synapticactvity, wave actiity in thetwo
eyesis probablyindependentln addition,the shortdurationof a givenwave (4-5 s) andthe rela-
tively long quietperiods(40-60s) betweerwavesinsurethatmostof thetime whenthereis awave
in oneretinatheotherretinawill besilent. Thesefactorswill stronglysupportheemegenceof eye-
specificclusteringof afferentsin theretinogeniculatgrojection. Further thereis somecorrelation
informationin thewave actvity thatcould sene to supportfunction classspecificsegregation.

Duringtheperiodof on/of sublayersegregationin thedLGN aresegregating(D55-67),theon
andoff-RGC firing patterndifferentiate.Beforethis period,the on andoff afferentsacthomoge-
neously Theresultingcorrelationsbetweencell firing areindependenof on/of-cell characteriza-
tions. During the periodin which the afferentsare sgyregatingthe on andoff inputsbecomeless
correlatedn theiractiity patternsTheshiftis rootedin thefactthattheoff cellstendto burstmuch
morefrequentlythanthe on cells (i.e. 3-4x asmuch). Up to 75% of the time whenthe off cells
arefiring the on cellsin the samepatchof retinaare silent. The off cells alsobecomesomeavhat
de-correlatedavith eachotheratthis point, suggestinghattheirfiring becomesnore“noisy” during
this period(WongandOakley, 1996). Thefiring of on cellsremainshighly correlatedandthey will
still have ahigherproportionof their spikesbe coincidentwith otheron cellsthanwith off cells.

"Thesefiguresareconsistentvith somefiguresaboutRGC arborizationandthe degreeof visualmagpnificationin the
dLGN. Thewidth of RGCarborsis 100-200um aroundthis time (SretaranandShatz,1986; SretavvanandShatz,1984),
andonedeagreeof visual anglecorrespondso 600-50um (areacentralisto the periphery). Consequentlytwo RGC's
with barelytouchingarborswould be separatethy 200-400um, .3t0 8° . Theseseparationareapproximatelythesame
magnitudeasthe actualdistancebetweercellsthathave overlappingarbors.
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3.5 Summary of Relevant Biological Background

Ferretsareborn ~D41 (cats,~D65), andthey opentheir eyes4 weekslater (~ D73). The
RGC axonsinvadethe dLGN beforebirth (Sec.3.3.2). The majority of the RGC axonscrossat
the optic chiasmandinnenatethe contralateraLGN (Sec.2.2). RGC axonsinnenatethe entire
contralateratlLGN, andthebinocularmportionof theipsilateraldLGN (Sec.2.3.1).Individualarbors
arerestrictedin width throughoutdevelopment(Sec.3.3.3), but they initially innenate andform
synapseshroughoutthe depthof the dLGN (Sec.3.3.3andFig. 4.1). The position of the RGC
axonsis known to bevery coarselyretinotopic,but theinitial extentandsubsequentefinemenbof
preciseretinotopy is unknavn (Sec.3.3.5). In the matureanimalthereceptve fields of the dLGN
neuronsarearrangedn avery preciseretinotopicmap(Sec.2.3.2).

In the 3 weeksafter birth, the RGC axonssegregateinto 4 sublayerdasedat leastpartially,
on actvity-dependenimechanisms.During the first two post-natalweeks(D41-D55) the axons
from the contralaterabndipsi-lateraleyessayregateinto layer A andAl respectrely (Sec.3.3.6).
Duringthethird post-natalveektheaxonsfrom theon-andoff-centerRGCssegregateinto separate
sublayerswithin layersA andAl (Sec.3.3.6).By eye-openingeachsublayer(andeachdLGN relay
cell) recevesinputsfrom eitherthe on or off-centercellsfrom oneof the eyes.

During the period from birth to eye-openingthereis spontaneousctvity in the retinasthat
propagatespatiallyin wave-like patterng(Sec.3.4.3). During the first two weeks,this actiity is
correlatedwithin eacheye, but independenbetweerthe eyes. Aroundthe endof the secondpost-
natalweekthe on- andoff-centercells within eacheye begin to have moreindependenpatternsof
activity aswell. Pharmacologicablockadeand enucleatiorstudiessuggesthat this spontaneous
retinalactvity is crucialto properdevelopmentof layers(Sec.3.3.7)andsublayergSec.3.3.8)in
thedLGN.

During this periodof refinementGABAergic pathwaysin thedLGN areimmatureandlargely
ineffective (Sec.3.4.1). This lack of inhibition is thoughtto heightenthe dLGN responséo retinal
inputsduringthis period(Sec.3.4.1).



Chapter 4

The Model

The previous sectionpresented detailedaccountof the developmentof the retinogeniculatgro-

jectionin catsandferrets. The modelpresentedn this sectionnecessarilysimplifiesthis pictureof

development.It outlinesa setof mechanismshat,in conjunctionwith simulatedwave actuity, is

capableof supportingthreeof the moststriking aspect®f retinogeniculateefinementeye-specific
layer segregation,on/off sublayersegregationandthe formationof preciseretinotopy. This model
is thefirst to supportthe developmentof all threeof thesestructuresn a unified framework.

The modelis proposedasa coherentsetof mechanismshatare capableof supportingsome
crucial featuresof the obsered development. Undoubtedly this modelis inaccuratein somere-
spects However, it takesstepstoward aformal andbiologically detailedmodelof this system.The
processei the modelareintendedto be biologically interpretableand plausible,andthe model
dynamicsarelargely tractableto formal analysis.

This chaptelis organizednto threemainsections While eachsectioncoversthewhole model
framawork, thelevel of detailincreasesignificantlywith eachsection.

4.1 Overview

Becauseof computationalimitations, the modelis formulatedon a muchsmallerscalethan
the entireretinal surfaceandthe entiredLGN. It simulateshe refinementof the axonsprojecting
from two patcheof retina(onefrom eacheye) to asingle“column” of thedLGN. Thescalein both
casess on the orderof a millimeter (seeFig. 4.1 andFig. 4.2). The modelis alsolimited in its
time-course.Developments simulatedfrom “birth” (D41, in ferrets)throughthe first 3 postnatal
weeks(i.e. 1 weekbeforeeye-opening).

Althoughthe developmentaprocessesccurconcurrentlywe iteratethrougha four stepalgo-
rithm for computationatonvenience:

1. ComputedLGN actvity in responséo a “snapshot’presentatiorof aretinalwave

39
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Figure4.1: A schematidrawing of theretinogeniculateystermof theferret. Theheavy dottedlinessurroundtheareas
of interest. Two small patchef retinaaremodeledwith two distinctcell types(on andoff-center)from eacheye. The
patchegprojectto thesame‘column” of dLGN tissue.Thatcolumnis locatedin the binocularregion of thedLGN, such

thatall 4 sublayersaremanifestin the columnat maturity.
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Figure4.2: A schematidraving of the modelarchitectureafter segregationinto layersandsublayers.Four patches
of RGCsprojectto four sublayerof dLGN cells. In all of the modelsdiscussedn the resultssection,the dLGN is 20
cells square andthe retinal patchesare 10 cells square. The one dimensionaimodelsarelik e a slice throughthe two
dimensionamodel,suchthattheretinalstripsare1x10cellsandthe dLGN stripsare1x20cells. Eachnon-bordedLGN
cell connectso its 4 nearestintra-laminarneighbors,andwith lessstrength,to its 2 nearestinterlaminar neighbors.

Boundariesdo not wrap around,but are treatedspeciallyduring the computationof steady-statelLGN actiities (see
Sec.4.3.4).
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2. Hebbianweightupdate
3. Synapticsprouting

4. Weightnormalizationandsynapticretraction

This algorithmis repeatedor tensof thousand®f iterations,graduallyrefiningthe projection
of RGC'stothedLGN relaycells.

4.2 Brief Summary

Initialization. Themodelis initialized with eachRGC arborinnenating all future layersof
the dLGN. In contrastto mary self-oganizingmodels,the arborshave roughly the samewidth
throughoutdevelopmentconsonantith the biological obserations(seeSec.3.3.3). Themodelis
initialized with somebiastoward a particularretinotopicalignmentanda particularlayer configu-
ration. Thebiasmakesthe modelcorverge morerohustly andsupportsa stereotypicafinal stateas
seenin thebiologicalsystem.

InputsanddLGN Update Theretinalwavesin stepl areidealizationsof theretinal waves
seerin pre-visualfferretandcatretinas(seeSec.3.4.3).Becausd¢hey move slowly relative to synap-
tic transmissiorspeedsthe modelassumeshatthey canbe consideredsstatic(“snapshots”until
thedLGN actvity reachesteadystate.The dLGN reaches steadystatebasedon its synaptically
weightedretinalinputsandtheactvity of its neighborsThefeedbaclof actvity betweerthedLGN
neuronseffectively blurstheretinalinput. Thepropagatiorof actvity in thedLGN is formalizedso
thatthe steadystatedLGN actvities for a givenretinalinput canbe calculatedn onestep.

WeightUpdate GiventhedLGN actvity andtheretinalactvity, computingheweightchange
is straightforvard. The changein eachsynapticstrengthis proportionalto the productof the pre-
synaptic(RGC)activity andthe post-synapti€¢dLGN cell) activity. Theweightchangds scaledby
thelearningrateandby the synapses previous strength/weight.The updateis a slightly modified
versionof the Hebbrule, whereweightsbetweenco-actie cellstendto grow, but thatgrowth isn't
explicitly scaledby the previousweight.

Spouting Thewidth of RGC axonalarborsremainsrelatvely stableover the courseof de-
velopmentyet the arborsshift betweerayersandwithin mapsover development(seeSec.3.3.9).
In this model,sproutingandretractionprocesseseconcilethesetwo obserations. Theassumption
is that the arborscontinuouslysproutnen branchesand synapsesand simultaneouslycull other
branchesandsynapsesThesemechanismsnaintainthe arborwidth in a stateof dynamicstability;
while allowing the arborto shift appreciablyover time. Computationally sproutingin the model
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is accomplishedy spatially blurring the weight matrix correspondingo eachganglioncell ar
bor. While this approactdoesnt capturedirectedsprouting(e.g. via trophicfactors),it doesallow
directionalmovementover time, asevidencedby the convergencebehavior of themodel.

Normalization. In theHebbianupdatestepof this algorithm,all theweightchangesrepos-
itive. In orderto preventinfinite weightgrowth, someweightsneedto be decreasedA simplistic
view would be thatsynapticchangeghatarebelon the meanpositve changearedecreasedyhile
above averagechangesemainasincreases— a procesknown as“synapticcompetition”.

In this model, the resource®of both RGC anddLGN cells areassumedo be approximately
fixed. In otherwords,the synapticweightsareconstrainegsuchthatthe total synapticweightsup-
portedby ary givencell in themodelremainsroughly constantluringa simulation. This constraint
is enforcedmultiplicatively, which hasimportantramificationsfor the modelbehaior (for discus-
sionandanalternate‘subtractve” modelseeSec.6.2).

Giventhe updated sproutedand normalizedsynapticweights,the whole processs repeated
with the next snapshobf a wave asit movesacrossthe retina. The detailsof the algorithmare
crucialto its behaior, sothey arepresentedtlengthin thefollowing section.

4.3 Detailed Description

4.3.1 Activityin theModel

Activity in modelneurongyenerallycorrespondso instantaneouBring rates.In realneurons,
the instantaneousiring rate canbe estimatedby averagingthe responsgspike train) over mary
measurement@ssuminghat spike generationis a randomprocess.Underthe assumptiorof in-
dependensgpiking, simulatedspike trainscanbe generatedrom the instantaneoufring ratesby a
Poissomrocess.

In orderto link the dynamicsof the model dLGN directly to biophysicalpropertiesof the
dLGN relaycells,the dLGN actvities canalsobe interpretecasmembrangotentials(Sec.4.3.4).
The presumecdequivalenceof membranegotentialsandfiring ratesassumeshat the firing rateis
linearly proportionalto thecell’s thresholdednembrangpotential, wherethethresholds theresting
potential.

Of coursetheseassumptionggnoremary detailsof spike generatiorandaresurelyinaccurate
accountf therelationsbetweemrmembrangotentials spikes,andfiring rates.Neverthelessthey
arecommonlyusedapproximationgMovshonetal., 1978)andareprobablysuficient for thelevel
of analysisin this model.
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RGCSeparation ~ 30um

Speed 200 pumisec
Width Gaussiarfoc = 75um, thus~ 300um across
Height PeakFiring Rate= 25 spikes/sec

RefractoryPeriod 80 + 16sec

Table4.1: Somebasicparametersf thesimulatedvaves,matchedo thein vitro measurementsf retinalwaves(Wong
etal., 1993)

4.3.2 Inputs

Becaus¢hemodelis formulatedatthelevel of individual cells,matchingnputparametertoin
vitro anatomicabndphysiologicalmeasurements relatively straightforvard. A wave is modeled
asabarlike sectionof a spreading2-d ring with Gaussiarcross-sectionThe centerof thering is
locatedat arandompoint on alarge circle surroundingheretinalpatch(radius= 100 RGCs).The
randomorientationof the wave-frontensuresry two cellsin a 1-d retinal patchcanbe co-actve.
Consequentlythe correlationbetweerdistantpointswithin aneye arenon-ngative (in contrastsee
Sec.7.2.2andEglen,1997)! The width, frequeng, height,and speedof the waves matcheshe
reportedretinal measurement@Nong et al., 1993, seeTable4.1). Two representate waves are
illustratedin Fig. 4.3.

Both on andoff RGCsareindistinguishabldasedon actwity for thefirst “2 weeks”of model
development,but bursting noiseis addedto the off cell populationduring “week 3”. This change
bringsthe burstingratesandcorrelationaktructureof theinputinto approximateagreementvith in
vitro measurementsf retinal actvity duringon/of sublayersegregation(WongandOakley, 1996
andseeSection3.4.3).

D41-D55: Eye-Sgregation.  Therealismof theinputswaschecled by calculatingthe same
statisticsfor the simulatedwavesthat werecalculatedfor thein vitro waves. Wonget. al. (1993)
constructech measureof the correlationin firing betweencells, and calculatedits relationto the
separatiorbetweerthosecells. Their correlationindex quantifiesthe extentto which two cellsfire
actionpotentialswithin .05sof eachother relative to thebaselineco-occurrencef actionpotentials
amongindependentells.

| calculatedhisindex for theinputsin my modelduringthe periodcorrespondindgo D41-D55
(i.e. birth to the onsetof differentiatedon/of actiity). Becauseheindex is calculatedrom spike
trains,| useda Poissormodelof spike generationto generatespike trainsfrom the instantaneous

1Given that co-occurrencef wavesin the sameretinahasbeenobsered (Feller, personakcommunicationjand, to
my knowledge,thereis no evidenceto suggesthatdistantcellswithin a retinado not fire independentlyIn the current
model,distantRGCsin the sameretinafire independently
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Figure 4.3: 8 snapshot®f simulatedwave actiity at 1 secondintervals areshavn. Wavesdo not normally follow

oneanotherimmediately becauseheretinasarein a silentrefractoryperiodsfor the majority of thetime. Notethatthe

wavesoriginateandpropagatén randomdirections,andthatthey tendnot to occurin thetwo (right/left retina)patches
simultaneously

firing ratesusedin my simulations. | followed the Wong et. al. procedurefor calculatingthe
correlationindex from the spike train. The correlationindex is definedas:

NAB(-0.055,40.055)T
NaNg(0.15)

(4.1)

whereT is the total durationof the measurementN 4 5(_o.05,+0.055) iS the countof spikes co-
occurringin cell A andcell B within 0.05s of eachotherfrom time 0 to time T', N4 is the total
numberof spikesin cell A, and N is thetotal numberof spikesin cell B.

Thisindex providesa measuref how oftenapair of cellsfirestogetherelative to chance For
example,a pair of cellswith acorrelationindex of 10, fire togetherl0 timesmoreoftenthana pair
of cellsthatonly fire togetherby chancgcorrelationindex = 1).

Thecorrelationaktructureof the simulatedwvavesandobseredwavesis comparedn Fig. 4.4.
Following Wonget. al. (1993,figures8 and9), thecorrelationindicescalculatedrom the obsered
ferretretinasareplottedasa function of distancebetweenthe cells. The samedatafrom the simu-
latedwavesis alsoplotted. The plots demonstrat¢hatthe simulatedwaveshave roughlythe same
correlationaktructure(in additionto specificparametersastheobseredwaves. Two discrepancies
betweerthe obseredandsimulatedvavesarenotable:thesimulatedvaveshave highercorrelation
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Figure4.4: Thecorrelationindex betweerpairsof cellsplottedasa functionof distancebetweerthecells. Exponential
fits to eachsetof dataareplottedaswell. The correlationindicescalculatedn Wonget al., 1993 (closedsymbols)are
shavn in additionto correlationindicescalculatedor the simulatedvaves(opensymbols).Simulatedandobsered data
areplottedat birth (PO) andat the onsetof on/of actwvity (P15). Theindicesindicatehow often a pair of cellswill fire
togetherrelative to chancgseetext). Thecorrelationindex seemgo decreasexponentiallyover distance.

indicesthanthe measuredvaves(by afactorof ~3 in neighboringRGCsat P15),andthe obsered
waveschangeover development.

The retinal waves changeover the courseof developmentin ways that are not capturedin
the currentmodel. For example,the wavesare thoughtto broadenand degenerategraduallyover
developmentuntil they eventuallydissolwe into uniform backgroundhoisearoundbirth. In contrast,
the simulatedwavesaregeneratedrom staticparametershataremodeledon the PO obsenations.
The only changen the simulatedwavesis the additionof off-cell noisy burstingat the endof the
secondweek. As is evidencedin the plots of the P15 correlationindicesin Fig. 4.4, this change
suffices to significantly lower the correlationindices betweennearbycells, but doesnot change
the slopeof the spatialdecreaséasin the obsered waves). The correlationsareloweredbecause
the off-cells and on-cellsare interspersedand the noisein the off-cell firing lowersthe average
correlationshetweerpairsof cellsatall distances.

The higher correlationindicesin the simulatedwaves are probablyrelatedto at leastthree
factors:the staticwave parametersnentionedabove, the equivalenceof modelretinal patchesand
single domains,and the unrealistically“clean” simulatedwaves. As discussedn Sec.3.4.3the
propagatiorof the in vitro wavesis limited by the boundariesof “domains” of the retina, which
transientlyshift over time. Becauseachwave includesall of thecellsin therelevantretinal patch,
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theimplicit assumptions thataretinalpatchis never ontheborderbetweerdomains.Theassump-
tion thateachpatchis alwaysin the sametransientdomaintendsto biasthe activity toward higher
correlationghanareseenin theactualretina. The unrealisticallycohesie quality of the simulated
wavesalsowould tendto amplify the correlationindices.In theretinasomeRGCsfail to fire, even

if awave passeslirectly overthem(seeFigs.2 and3in Wongetal., 1993).All otherwave param-
etersbeingequal,this “noisy” aspecbf the waveswould tendto lower correlationshetweerpairs

of cellsat all distanceslt is possiblethatthe amplified correlationgprovide unrealisticallystrong
supportto modelcorvergence pbut Sec.5.5 suggestshatthe exactstrengthof the correlationss not

crucialaslong asthe spatialcorrelationaktructureis keptintact.

D56-D62: On/Of SublayerSayregation. Noiseis addedto the off-RGC populationsduring
the period of on/off sublayersegregation so asto increasethe off-RGC firing ratesto the levels
obsered in vitro andto decreasdhe pairwise correlationsbetweenoff-RGCs and both on and
off-RGCs. Wong and Oakley (1996) calculatedthe correlationsfor the wavesin the ferret retina
by corverting their ~1Hz measurementsf CA*2 levels in the RGCsinto dichotomousbursting
“events”by thresholdinghe derivativesof thelevels,andthencalculatingthe correlationdbetween
trainsof theseevents.| compardghesemeasurementsith thetheraw firing ratesfrom thesimulated
waves,astherewasno straight-forvard translationfrom their methodologyto the simulations.The
correlationshetweeron-onRGCs,off-off RGCsandon-off RGCSareplottedfollowing Wongand
Oakley (Figure7B), in Fig. 4.5.

Therearetwo basicdifferencedetweernthe measureaorrelationsandthe correlationsn the
simulatedwaves. Thefirst is thatthe on/oncorrelationsdecreassalightly in thein vitro measure-
ments,while the simulatedcorrelationgemainat the samelevel. Thediscrepang is dueto thethe
generaloweringof correlationsover developmentin theferret,comparedhe simulatedwave struc-
turewhich remainsfixed over development.This increasectorrelationmay biasthe modelslightly
toward groupingthe on- cellsin onesublayer

The seconddiscrepany, the lower off/off correlationsfoundin the modelrelative to in vitro
measurementsyould provide unrealisticallyweak supportto the groupingof off-cell arborsin a
singlesublayer While the causeof this differenceis notimmediatelyobvious,therearesomelik ely
explanations.In the model,independenhoisewasaddedto the off-RGCsuntil their burstingrate
wasin line with in vitro measurementé~4 timesthe bursting rate of the on- cells). Perhapshe
non-wave burstingin the ferret off-RGCsis not independent.If the in-vitro “noise” is spatially
correlated,suchthat burstingin an off-RGC is morelikely if a nearbyoff-RGC is bursting, the
off/off correlationsvould be higherthanthoseusedin the model.

Wave Subdomains. In mostof the simulationseachwave traversesthe entire patchin that
eye. Becauseeachin vitro wave only involvestransientsubdomain®f the retina(seeSec.3.4.3),
thepatchis implicitly assumedo consistentlybeincludedin thesameransiensubdomainEvenif
theassumptiorheldtrue,theresultsof the modelarenot necessarilyapplicableto the clusteringof
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Figure4.5: Thecorrelationsoetweerin the RGC cell groupsduringthefirst two weeksof developmeni(A-C), andthe
third weekof development(D-E). (A,D) on-onRGCs,(B,E) off-off RGCs(C,F) on-off RGCs.

the axonsof neighboringretinal patchesnto the samesublayerbecauseheseneighboringpatches
would only sometimede involved in the samewave. Indeed,becausalistantRGCswould never
beinvolved in the samewave, this assumptiorcould stronglylimit interpretationof the resultsof
themodel. Fortunately the characteristicef the wavessuggest computationamethodfor testing
the generalityof the model.

In theferret, it is likely thatthe transientaspeciof the subdomainglaysanimportantrole in
supportingglobal segregation. Becausahe domainsaretransientheighborswill be correlatedasa
function of their distanceratherthanbeingstronglyinfluencedby their sub-domairmembership.
The developmentof global segregationis akin to developmentof global retinotogy, it resultsfrom
the chainingof local influences.BecauseeachRGC's arbortendsto segregateinto the samelayer
asco-actve cells (e.g. neighbors)the configurationthat optimally satisfiestheselocal tendencies
is global segregation.

To testthe strengthof this chainingeffect, simulationswere performedin which eachretinal
patchwastaken to be chronicallyon the shifting borderof two subdomains Eachwave included
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some,but not all, of the patch,andthe mostdistantRGCsin the patchwere never involved in
the samewave (i.e. their actvities are negatively correlated). Nonethelessthe patchsegregated
normally presumablhbecaus®f thesechainingprocessefseeSec.5.5andFig. 5.7).

4.3.3 Initialization

Themodelisinitializedto mimic theprojectionatbirth from asmallretinalpatchfrom eacheye
to acolumnof dLGN tissue.A retinal patchfrom a given eye actuallyrepresent$wo intermingled
populationsof RGCs,on- and off-centercells; thereare 4 groupsof distinct RGCstotal. These
RGCsareassumedo projectto a4 layerdeepcolumnof thedLGN (eachsimulatedayeris only 1
neurondeep).In roughconcordancevith themagnificatiorfactorin theferretandcatdLGN, there
ared dLGN cellsfor every RGCin the 2-d versionof the model(seeFig. 4.2).

Retinotopy EachRGCarboris initialized asa Gaussiar(s.d. ~ 38um) thatis centerecbn a
retinotopicallybiasedpositionin thedLGN. Thelocationof the Gaussians initially thesamaen all
layers.Noiseis addedto thisinitial projectionin two ways. First,thearborcentersarerandomized
by computinga weightedaverageof the retinotopicallycorrectpositionanda randompositionin
dLGN (typical weightingswere.2 and.8 respecirely, “80% noise”). Secondgachsynapticweight
is multiplied by a randomnumber(typically [.2 1]). Multiplication ensuredhatarborsremained
relatively compactwhile breakingsymmetrybetweenayersandaddingrandomness.

LayerandsublayerSgjregation Biasesareaddedo this originalinnenationin orderto sup-
port the developmentof a stereotypicamaturelayer configuration. While the modelcandevelop
eye-specifidayers retinotopy, andon/of sublayersvithoutthesebiasegseeSec5.8)— theconsis-
teng/ in the matureconfigurationof the biological systemsuggestshattherearesignificantbiases
atwork. A mechanisnthat may provide a biastoward the stereotypicakye-specificsegregation
patternis the early ingrowth of contra-lateraRGC axonsin the dLGN (seeSec.3.3.6). Early in-
growth givestheseafferentsa competitive advantagein the deepesfi.e. A) layersof the dLGN,
perhapsaven preventingthe a full initial innenation into theselayershby the ipsi-lateralafferents.
This ingrowth biasis simulatedin theinitial projectionby wealeningthe ipsi-lateralprojectionto
thedeepeslayersby reducingthe strengthof ipsilateralsynapse the A layersby ~ 20%.

Thereis no evidencefor similar staggeredngrowth of the on/off afferentsinto the innerand
outersublayershut the stereotypicapatternof segregationin the adult suggestshatthereis some
biasatwork. Thecanonicaform of this modelassumeshatthis biasis instantiatedcasa very small
strengtheningf the weightsfrom the on-centercells to the inner sublayers at eachtime-step?
Theintentionis to simulatethe actionof trophicfactorsthat preferentiallysupportthe formationof

2The biasis muchtoo small to supportafferent segregation without appropriatelystructuredretinal actiity, see
Sec.5.7.
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Ua] Activity of dLGN cell z

Ty Activity of RGCy

wizy] Synapticweightfrom RGCy to dLGN cell z
Updatedsynapticweightfrom RGCy to dLGN cell z

zy]
beforenormalization
h Learningrate
C MembraneCapacitance
g Leakconductance
Je Excitatorysynapticconductance
gi Inhibitory synapticconductance

E, Excitatorypotential
E; Inhibitory potential

Table4.2: Thesymboltablefor thetermsusedin this section.

synapsedby oneof thetwo afferenttypes.In fact, the specificform of the biasis notimportant(see
Sec.5.8),butin orderto developa stereotypicatonfigurationtheremustbe biasegresent.

4.3.4 dLGNUpdate

Geniculatgpotentialsarecomputedasa (weighted)sumof theirinputsfrom theretinaandtheir
neighborgan thedLGN. We assumehatthe dLGN cellsreachsteadystatefor a givenretinalinput
becausdhe speedof wave propagations muchslower thansynaptictransmissiorand membrane
depolarization.The steadystateis calculatedby iteratingthe following updateequationuntil the
geniculateactiities stabilize:

ol A 1
o] _
TRy o Xyz%y]r[y] + D 1) — Uz (4.2)

e

wherel[, is theactvity of dLGN cell z, A is a constantw,, is the synapticweightfrom RGCy
to dLGN cell z, rf,; is thefiring rateof RGCy, andn includesthedLGN cell’'s 2 nearestntra-layer
neurons.f theneuronis atthe boundaryit will have only 1 intra-sublayeneighbor(seeAppendix
A for detailson activity updatein boundaryneurons¥. ThedLGN cell actiity is calculatedrom
the scaledproductof its synapticinputsandthe RGCfiring ratesin additionto the actwities of the
neighboringdLGN cellsandself-inhibition.

In signal processingerms, the intra-dLGN influenceacts as a feedbacklinear systemthat
regularizes(blurs) the weightedretinal input. Regularizationsmoothesa partial or noisy input,

3Thesenumbersassumea 1-d model, thereare 4 nearesneighborsin the 2-d model. Note alsothat this equation
ignorestheinfluenceof theinter-layerandsublayetinfluence seeApp. A for the generalizatiorof this update.
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Figure4.6: (A) Retinalactvity duringawave. (B-D) dLGN responsat differentstagesn development. Theretinal
signalevokesa large,blurredresponsén the neonatalLGN, a lessblurredresponséaterin developmentanda virtual
copy of theretinalinput at eye opening.For the purposeof this figure,theretinogeniculat@rojectionwasassumedo be
2-dimensionahndperfectlyretinotopicin all threecases.

effectively de-noisingheinputandinterpolatingmissingvaluesundertheassumptionthattheinitial
inputis smooth(seeAppendixA for detailson therelationbetweerthe dLGN updatesquationand
regularization).

Theamountof blurring/smoothingandtheamplificationof thedLGN responsearebothscaled
by A, which decreasesver development(seeFig. 4.6). Therangeof A (20 at birth and 1 at eye
opening)aswell asthe scalefactor (L)‘) on the effective inputsto the dLGN cells was chosen
to matchthe roughly three-folddecreasen geniculateresponsiity obsered over the courseof
developmentseeAppendixA, Sec.3.4.1andRamoaandMcCormick,1994b)? Becausét supports
globalorderearlyin developmentandlocal precisionlaterin developmentthis decreasén blurring
playsan analogousole to moretraditionalneighborhoodunctionsthat shrink over development
(Kohonen1993).

Intra-dLGN Asymmetries. The interlayer andintersublayerweightsare muchwealer then
the intra-layerweights. This asymmetryis crucial to the robust developmentof layer sggregation
(seeSec.5.9 and Fig. 5.13). In the canonicalmodel the interlayer and intersublayerweights
decreasdinearly over development. The time-courseof decreasés shavn in Fig. 4.7. Theinter
layerweightsstartoff quiteweak(.1 versusintra-sublayemeightsof 1) andaredecreasetinearly
duringthefirst 2 weeksof postnatatlevelopmentsothatduringthethird weekthereis no excitation
betweerthetwo eye-specifidayers(i.e. theinterlayerweightsgoto 0). Theintersublayemweights
startoff at 1, decreaseo theinitialization value of the eye-specificweights(.1) over thefirst two
weeksandthendecreaséinearly to zeroduringthethird weekof postnatalevelopment,

Layersand sublayerswill segregatein the modelwithout this decreasebut the segregation
is slightly imperfect. Intact interlayer connectionsblur the boundarieshetweenlayersand sub-
layerseven after seyregation. Further the existenceof excitatory interlayer interactionssupports
the “clustering” of off-centerRGC axonsfrom the two eyes. This clusteringdisappearsvhenthe

4Standardregularizationpreseres the sum underthe blurredimage, thus the peaksof the imagetendto drop as
blurring increasesAdding the scalefactorof v/ to theinputscounteractsthis tendenyg, andmalkesthe dLGN response
increasawith A, asseenin thedevelopingdLGN, Sec.3.4.1.

SThereis no varianceor noisein theintra-dLGN synapticweights.
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Figure4.7: In the canonicaimodel, the inter-layer weightsdecreaséo zeroduring eye-layersegregation (D41-D55).
Theintersublayemweightsstartoff equalto theintra-layerweights,decreas¢o .1 during the periodof eye-layersegre-
gation,anddecreasingo 0 duringthe periodof on/off sublayersegregation(D55-D62). Theintra-layerweightsremain
constanbver the courseof development.

excitatory weightsareremoved (seeSec.5.9.2andFigs.5.14and5.15). A linear decreasen the
interlayer weightswasadoptedbecausét is simpleandstraightforvard. The eventualdisappear
anceof interlaminarweightsis not a particularlystrongassumptiorgiventhatthelayersareeven-
tually separateghysicallyby the cell sparsenterlaminarzones.Indeed,in theadultthereareeven
inhibitory connectiondbetweerthe eye-specifidayers(seeSec.2.3.4). To my knowledge thereis
no dataon the developmentor existenceof interactiondbetweerthe sublayers.

Biophysicallnterpretation. A biophysicalinterpretationof Eq. 4.2 canbe statedin termsof
themembranesquation:

)

CW = —(Guz)l[2] + Gela] (U[z) — Ee) + Gifz)(ljo] — Ei)) (4.3)

which describesa geniculatecell's membranepotential (/) asa function of its excitatory (ge(s)),
inhibitory (g;1;7), andleak(g;,;)) conductancesheir respectie reversalpotentials(E,, E;, and0),
andthe capacitancéC) of themembrane.

Eqg. 4.3 becomeslgebraicallyequivalentto Eqg. 4.2 by eliminatingthe scalefactor % from
Eq.4.2 andequatingthefollowing terms(seeAppendixB for derivationdetails):

142X
¢ A
2y Wiay)Tfy] + Laen la]
Gelz] = E,
(9t el — )
Gilz] =

o) — B
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Simulationsof thedLGN relay cell actvity usingEq.4.3andEq. 4.2 displayparallelchanges
over development. The decreasén A over the courseof development(seeabove), indicatesthat
thecapacitanc€ will increaseby afactorof 1.5, andtheinhibitory conductanceg;,) increasedy
afactordependenbn the magnitudeof leak conductance,;,;) assumedThesedynamicsarecon-
sistentwith physiologicaimeasurementsf developingdLGN relay cells (RamoaandMcCormick,
1994a;RamoaandMcCormick, 1994b). Undertheseconditionsthe inhibitory andexcitatory con-
ductancearein apush-pullrelationshipmeaningthatasg,,] increasesg;, decreases.

Note that althoughalgebraicallyidentical, the two equationsbehae slightly differently be-
causethe inhibitory conductancearerectified suchthatthey cannotgo belov 0, andbecausdhe
inputscalingfactor% hasbeeneliminated.Undertheassumptiorthat £; = 0 (i.e. theinhibitory

reversalpotentialis equalto theleakreversalpotential§ the eliminationof %\ andtherectification
of theinhibitory conductancéendto compensatéor eachother Thereasonis thatif g;, is allowed
to benegative it canamplify theresponasiity of thecell, but if it is rectifiedthe dLGN cell activity
will saturateata level dependenbn g; and E.. As aresult,rectifying g;) effectively establishes
saturatiorievel for dLGN cell firing rates.The eliminationof thescalefactor%\ ontheinputshas
the oppositeeffect, becausdts removal amplifiesthe input signal— a changewhich amplifiesthe
dLGN response.The approximatebalancebetweenthe rectificationandthe removal of the input
scalefactorhasbeenverifiedin simulations.

4.3.5 HebbianWeightUpdate
Secondheretina-to-dLGNweightsareupdatedusinga modifiedHebbianrule:
W[y = hWigy) Ufg) Ty) (4.4)
The weight change(dw,,)) is the productof the learningrate (), the currentweight (w,)), the

steady-statgeniculateactiity (/[;)), andtheretinalactiity (rp).

ScalingtheHebbianupdateby the previousweightgeneratesa feed-baclcyclein which strong
weightstendto becomestronger This tendeng allows for the developmentof relatively precise
connectvity, even in the caseof multiplicatve normalization(seeEg. 4.5 belowv) which would
otherwisetendto favor gradedsynapticconnectiity (Miller andMacKay, 1994).

4.3.6 SynapticSpiouting

Third, the RGC axonalarborsare blurred (i.e. the weightsare corvolved with a Gaussian)
to mimic a branchingfactor The degreeof blurring for eachRGC axonalarboris scaledby that
RGC's actvity. Thearborsof thoseRGC's thatarecurrentlyfiring burstsof actionpotentials(i.e.

SFollowing the biological data,this assumeshatinhibitory conductanceim questiorcorrespondo GABAa shunting
inhibition, seeSec.2.3.5andSec.3.4.1.
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areatthe peakof awave) will beblurredstronglywhereashethearborsof silentRGCswill notbe
blurredatall. Becausdiebbianupdateendsto sharpertheconnectiity, thisscalinghelpsmaintain
equilibriumin the model. The scalingis especiallyimportantduring the period of on/off activity

in the retina, for in this periodthereare mary retinal “snapshots’with only a few spiking RGCs.
Without the scaling,this sparseactiity would blur silentRGC arborsfor mary time-stepswvithout
sharpeninghem,andthusthe RGCarborswill tendto diffuse.

Consistenwith obserationsof the developingdLGN (Sretaran and Shatz,1986),the useof
sproutingyields RGC axonalarborsthat canshift their geniculatepositionappreciablyyet change
their width only slightly over development. Becausat is strongestat small distancessprouting
encourageseighboringneurondo receve synapticinputsfrom the sameafferentsand,asaresult,
neighboringdLGN cellswill tendto have correlatedfiring patterns. Therefore,sproutingplaysa
similar role to the directexcitation provided by neighborhoodunctions.Indeed,a modelwith only
sproutingcan topologically organize,andin somecasessgyregateinto layers,in the absenceof
lateralinteractionsn thetamettissue(Keesingetal., 1992;Eglen,1997andseeSec.5.6.2).

Parallel to the intra-dLGN weights, sproutingis also asymmetric. Thatis, the weightsare
blurredmorewithin eachlayerthanbetweerayers.The degreeof asymmetryandits increasever
the courseof trainingis identicalto thatof theintra-dLGNweights(seeSec.4.3.4andFig. 4.7).

Biological Interpretation. Axonal sproutingand retractionis know to occurin the tectaof
somefish andamphibiangFawcett,1993). It is thoughtby someto be mediatedby trophicfactors
originatingin active sites. A candidatdactoris nitric oxide (NO). NO is thoughtto actasaretro-
grademessengethat changegre-synaptiefficagy. In atleastonemodel(Krekelbeg and Taylor,
1997),NO uptale atthe pre-synapticiteis proportionalto the pre-synapti@ctivity — parallelwith
theinstantiationof sproutingin this model.

ComputationaDetails Intra-layerblurringis simulatedby corvolving theaxonalweightma-
trix with a Gaussian.Interlayer and intersublayersproutingis simulatedby addingthe blurred
weightsin theadjoininglayer(s),scaledby theinterlayeror intersublayersproutingstrength.The
blurredversionof the synapticweightsis thenscaledoy thelearningrate,the pre-synaptiactiity,
andthe sproutingrateandis addedto the unblurredweightmatrix. Thelearningrateis sharedwith
the Hebbianupdate put the sproutingrateis anindependenscalefactoron the sprouting.

4.3.7 WeightNormalization

Finally, the weightsare normalizeddivisively suchthatthe total connectionstrengthof each
RGCanddLGN neuronstaysroughly constant.
2Ugy)

Wi = _ (4.5)
o S Wiay) + Xy Wiay
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wherewy,,| denoteshe updatedveightbeforenormalization,), 1, is thetotal synapticweight
provided by an RGC axonalarbor and }_, 1w, is the total synapticweightin a dLGN cell's
dendritictree. The factorof 2 is includedin the numeratorso that for the limiting caseof equal
numbersof RGCsanddLGN cells,the sumof eachcell’'s synapticweightsis 1. In fact,the sumof
eachcell’s synapticweightsis a function of the ratio betweenthe numberof pre andpost-synaptic
cells.

Z . 2x #Post-synapti€ells
a Wizy] =~ Total# of Cells

Z . 2x #Pre-synaptic€Cells
- Wzy] = Total# of Cells

In the canonicalmodel,with a 2:1 dLGN cell to RGC ratio, eachRGC supportsa total synaptic
weightof 1.33andeachdLGN cell supportsatotal synapticweightof .66.

Becauseall of the weight changesare initially positve, this stepis crucial to prevent the
weightsfrom increasingwithout limit. The assumptiondiereare that that eachneuroncanonly
supporta limited numberof synapsesand neuronswill competefor synapticsites. Presumably
this processs accomplishediologically throughsynapticcompetition. Given a finite amountof
resourcesthe biological systemhasto take resourcedrom somesynapsegi.e. decreasdheir
strength)in orderto grow others.While thisis surelynottruein theexactsenseassumedby canon-
ical form of themodel,competitionfor resourcesloesoccurin neuralsystemgseeMiller, 1996for
review).

Notably therigidity of this normalizationprocedureprecludeghe models ability to usefully
model depriation results. The problemis that even silent inputs are constrainedo maintaina
fixed total synapticstrength. Thus, the obsenration that monocularsilencingleadsto a decreased
projectionfrom thedeprivedeye (seeSec.3.3.7)cannotbemodeledwith thistypeof normalization.

CappedNormalization With avariantof normalizationderived by analogyto Eglens work
(section5.3.1in Eglen,1997,andSec.7.2.2),it is possiblgo partially modelmonoculadeprivation
resultsin the currentframewnork. This varianton normalizationlimits (“caps”) the total allowed
weightby applyingnormalizatiorto cellsthatexceedtheallowedtotal synaptionveight,andignoring
cells that are underthe limit. With cappednormalizationinactive cells canlose their synaptic
connections.

However, taken alone,this approachis not sufficient to bring aboutdecayof retinal synapses,
becausehe only way for synapses$o decayin this modelis throughnormalizationdriven compe-
tition (in contrastto a covarianceweight changerule, seeSec.7.2.2). Becauseof the canonical
limits imposedon total synapticstrength a retinacanonly competefor half of the dLGN synapses
available.Consequentlythe otherretinawill keeptheotherhalf thoughsimplelack of competition.
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A partial solutionis to raisethe capon total RGC synapticstrengthto near200%of the nor
mal amount,suchtheretinal patchegakentogetherare capableof supporting~2x moresynaptic
strengththantheentiredLGN. This changeallows a subsebf the RGCsto actively competefor the
entireretinogeniculatgrojection.

Thecappedchormalizationprocedurdor the canonicaimodelis:

Wiy = —le] (4.6)
Ty 2y Wiay)

W[ . -
= 1.33 x ;y# if Zw Wigy] > 0
1.33 otherwise

wherer is the "effective” (for purposesof normalization)synapticweight provided by an RGC
axonalarbor and@ is the capon thetotal synapticweight provided by anRGC axonalarbor This
methodof normalizationtreatsRGCswith total synapticstrengthbelov 8 asif they arealready
normalizedwhile decreasingynapsefrom RGCswith atotal synapticstrengthabore 6.

Preliminaryexplorationssuggesthat with this cappedversionof normalizationthe modelis
ableto capturesomeof the obsered effectsof deprivation (seeSec.5.10.3).



Chapter 5

Model Results

Thereareregionsof the parametespaceof this modelthat| havent explored,simply becausehe
spaces overwhelminglylarge. My approacthasbeento fix asmary of theparameteri themodel
aspossibleusing the available biological data. With theseparameterdixed, | have searchedor
regionsof thefree parametespacethatrobustly supportstereotypicatievelopmentwith the canon-
ical setof modelmechanismsl thenexploredthe behaior of the modelin theseregions.| did not
alwaysrigorously characterizéheseexplorations,becausehe interrelationsbetweenparameters
have often proven too comple to be understoodhroughsimulations. Thereare probably other
coherenunexploredareasof the parametespaceandtheresultsthatl presenbelon maynothold
completelyin theseunexploredareas.

That said, | have explored the behaior of this modelin depth,and| believe | have solid
intuitions aboutthe dynamicsandcrucial featuresof the model. | alsofeel thatonespecificmodel
thatsupportghe developmeniof structureseenin theretinogeniculatgrojectionprovidesa useful
andtestabléramenork for exploring the actiity-dependentlevelopmeniof the system.

It is importantto notethatalthoughsomemodelconfigurationgpresentedppearto categori-
cally fail, they cansometimede madeto work with appropriateadjustment®f the modelparam-
etersor with differentinitialization conditionsand simulatedwaves (both are stochastideatures
of the simulations): The parameteregime was chosento robustly supportthe convergenceof
the canonicalmodel,andthereforethe robustnesof the otherresultsare somevhatvariable. One
shouldbe carefulin draving cateyorical conclusiondrom the presentedesults ratherthey should
be consideredasindicatinggenerattendenciesn the modeldynamics.Table5.2 attemptso sum-
marizethe quantitatve influenceof the modelmechanismsn which the numberggivenarerelated
to the resultsshavn aswell asto accumulatedxperiencerunning mary simulationsthat are not
presented.

Theresultsshavn wereinitialized with the samerandomseedunlessstatedotherwise.This proceduresnsureshat
the startingconditionsandthe wave activity werethe samein all of theresults,andeliminatesspuriousdifferenceshat
resultfrom differentrandomwavesandstartingconfigurations.

57
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RetinalPatchDimensions 1 x 10 cells

dLGN LayerDimensions 1 x 20 cells

Durationin biologicaltime D41-D627

Onsetof On/Off activity D55

Time-step(6t) .1 seconds

LearningRate(h) .005

TotaldLGN Cell SynapticWeight(3_, wi,)) .66

Total RGC SynapticWeight (3_, wizy)) 1.33

RetinotopicBiasat Initialization 20%

Eye-Specifiiasat Initialization 20%

Iterative On/Of Bias .005%

RGC Axonal Arbor Width at Initialization +2sd's= 150um

dLGN Blurring (\) 20 — 1 overdevelopment
Intra-LayerinteractionStrength 11

Inter-Layer InteractionStrength .1 — 0 (D41-D55)
InterSublayernteractionStrength 1 — .1 (D41-D55),.1 — 0 (D55-D62)
SproutingRate(seeSec.4.3.6) 10

Intra-LayerSproutingStrength 11t

InterLayer SproutingStrength .1 — 0 (D41-D55)
InterSublayerSproutingStrength 1 — .1 (D41-D55),.1 — 0 (D55-D62)

Table5.1: The canonicalmodel parametersUnlessstatedotherwise all the simulationsin this sectionassumehese
parametesettings.Arrows indicatelinearchangewith time.

tFor the purpose®f comparisorto the biological data,thesedatesassumehat modeldevelopmentspanghe equivalent
of 3 weeksof biologicaltime. In fact,for computationakfficiengy, the canonicaimodelonly developsduring~3 hours
worth of wave inputs,andhasarelatively largelearningrateto speedievelopmentseeSecs5.1.3and5.4 for discussion
andvalidation).

fThecoeficienton eachtermin thesumy enllz1iNEQ.4.2.

t11is anarbitraryunit usedto comparethe strengthof intra-layersproutingwith thatof inter-layersprouting.Theintra-
layersproutingis simulatedby convolving theweights(i.e. themodelRGC axonalarbor)with a Gaussiamwith standard
deviation = 1.25dLGN cells(~ 38um), truncatedo a5 cell width.
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Model Variant Retinotoly | EyeLayers| On/Off Sublayers
CanonicaModel 5 5 5
Long Time-Course 4 5 4
Multiple Domains 4 4 4
dLGN Blurring Only 4 5 4
SproutingOnly 4 5 4
No Noisy Off Firing 5 5 0
Biases

e None 4(0) 5(0) 3(0)
e All Initial 5 5 0

e All Iteratve 5 5 5
Asymmetries

e Layer/sublayemteractions= 1 2 0 0

e Static 4 5 4(0)
e Static,interlayer— 0 4 5 5

e Layer/sublayemteractions= 0 1 5 1
Normalization

e Post-synapti©nly 0 0 0

e Pre-synapti©nly 0 4 2

e Capped 3 4 0

e Capped® MonocularDeprivation | 3 0 1

Table5.2: Qualitative judgmentsof the robustnessf convergencefor the model variantsdiscussedn this section,
where5 = very robustand 0 = no tendeng to develop. Numbersin parenthesemdicatethe tendeng to develop the
stereotypicakonfiguration,andare only includedwherethe developmentof a non-stereotypicatonfigurationis seen.
Theorganizatiorof thetablereflectsthe organizatiorof the resultspresented.

5.1 Format of Results

Becausehis modelis structuredvith afairamountf realism,andbecaus& encompassesye-
specificlayers,on/of sublayersandretinotopy, the formatusedto displaythe resultsis probably
non-olvious. The majority of the resultspresentedelov aresimply plots of the synapticweight
matricesusedin the simulations Becauséhe modelsimultaneoushsimulateghe projectionsfrom
4 patchesf retinato 4 layersof LGN, eachweightmatrixis a collectionof 16 sub-matrices.

5.1.1 1-DimensionaResultDisplay

The format of the weight matrix is linked to the format of RGC actiity andLGN potential
vectors. As illustratedin Fig. 5.1 thesevectorsare simply concatenationsf the actvities in each
patchandsublayer Using this format, calculatingthe weightedsynapticinput to the LGN (hotthe
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Figure5.1: Themodelcanbe expressedn matrix notationby concatenatinghe actiities of the 4 retinal patchesnto
a singlevectorand collectingthe synapticweightsfrom eachretinal patchto eachLGN sublayerinto a single matrix.
Multiplying thesetogethelyieldsanLGN potentialsvectorthatis a concatenationf the potentialsof LGN cellsin each
of the4 sublayerql = W r). The specificorganizationof the vectorsandthe weightmatrix areexplainedin thefigure.
Within eachof the4 sub-\ectorsof RGCandLGN actwities, neighboringentriescorrespondo spatialneighbors Thus,
the spatialpatternof actiity acrossheretinaandLGN canbeimagedby simply plotting the vectorof activationsfor a
patch.

stablestate,seeAppendix C for discussion)s a simple matterof multiplying the retinal actiity
vectorby the matrix of synapticweights.

In eachplot of a weight matrix, the darknessof a dot indicatesthe strengthof the synaptic
weight from an RGC (correspondingo the column)to an LGN relay cell (correspondingo the
row), normalizedby the largestsynapticweight in the entire simulation. Fig. 5.2 illustratesthe
meaningof the 1-d resultsplots.

Notethatonly 5 pointsin thedevelopmenbf eachl-d simulationareshavn. The5 time-points
werechoserto bestillustrateinitialization, the earliestcompletionof eye-specificsegregation,the
earliesipreciseretinotopy, thepointjustaftertheonsetof on/off segregation,andthefinal projection
state.Becauseof theseconstraintsthe resultsdisplaysare not directly comparablebut shouldbe
maximally informative. Note alsothatdifferentdurationsof developmentpassbetweenthe onset
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Figureb.2: Plotsof weightmatricesareusedto displaytheresultsof the 1-d simulations A) Theweightsfrom asingle
retinal patchto a singlesublayerare shavn. The darknesf an entry indicatesthe strengthof the synapse Fromthis
plot we canconcludethatthe projectionis almostperfectlyretinotopic,becausaeighboringpointsin theretinal patches
projectmoststronglyto neighboringpointsin the LGN. Perfectretinotopy would correspondo the identity matrix in
the caseof equalnumbersof LGN cellsandRGCs(in facttheratio of LGN cellsto RGCsis 2:1 in the 1-d simulations
and4:1 in the 2-d case). B) The structureof the completeweight matrix is shawvn. In this casethe layersare not yet
segregated,evidencedby the presenceof synapticconnectionsrom all retinal patchego all sublayersandretinotory
is still quite coarse gvidencedby the dissimilarity betweenthe weightmatrix andthe identity matrix. The matricesare
collectedsuchthata perfectfinal configurationwill look like onelargeidentity matrix.
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of on/off sggregationandthe next savedtime-point,sothe speedof on/of segregationcanbe a bit
misleading.As arule on/off segregationoccursvery quickly (~ 1/2 dayin biologicaltime).

5.1.2 2-DimensionaResultDisplay

Theweightmatricedor 2-d simulationsarenoteasilyinterpretecbecaus¢heir spatiallayoutis
arbitrarily mappednto the 1-d structureof vectors.The 2-d resultsaredisplayedn a moreabstract
form (seeFig. 5.3). The centersof thereceptve fields (RFs)for eachdLGN relay cell areplotted
andconnectedy linesto the RF centerof theirnearestiLGN relaycell neighbors Eachof the 16
sub-quadrantmapsthe RFsof the dLGN relay cellsin a particularsublayer(correspondingo the
row), in a particularretinalpatch(correspondingo the column).

Thelocationof a dot within oneof the sub-quadrantsf a plot correspondso the positionof
thatRFin visual/retinalspace Notethatthereare4 dLGN cellsfor eachRGC,soa perfectlysharp
projectionin which eachdLGN cell receves synapticinputsfrom only 1 RGCwould be a 10x10
grid with 4 overlappingRFscentersplottedat eachvertex (i.e. therewould appeaito be only 100
dLGN RF centersplotted,insteadof 400). The size of a dot indicatesthe strengthof the synaptic
input from thatretinal patch(column)to the givendLGN relaycell. Very smalldotsindicateweak
projections,and no dot indicatesthat the total projectionstrengthfrom that retinal patchto that
dLGN sublayeris lessthan 1/1000th the strengthof the strongestpatchto sublayerprojection.
A perfectgrid within eachsub-quadranindicatesperfectretinotoy, while blank sub-quadrants
everywherebut the maindiagonalindicateperfectlayersegregation.

5.1.3 Speedssues

The modelwavesinitiate at a frequeng andpropagateat a speedhatis directly linkedto in
vitro measurementsf the waves (seeTable 4.1). Becauseof theseparallels,thereareroughly
the samenumberof wavesin a weekof model“biological time” asin aweekof in vivo time, and
theintrinsic time in the modelcanbe directly relatedto the time-scaleof biological development.
However, most of the simulationsshavn belov have a much shorterdevelopmentaltime-course
thanthebiologicalsystem.Becausef computationatonstraintghey only developfor ~3 hoursin
biologicalterms.The daysthatarepresentedhn the captionsof mostof theresultspresentedbelov
are normalized,assuminghat the courseof the simulationcorrespondgso a period of ~3 weeks
(D41-D62).

My assumptionn this modelis thata long runningsimulationwith arelatively smalllearning
ratewill yield roughly equvalentresultsto a shortsimulationwith arelatively large learningrate.
To the extent that this approachaltersthe behaior of the model,| would expectthatit is biased
againstappropriatedevelopment.My reasoningandthatof othermodelersjs thatthe systemcan
develop appropriatelybecausat is ableto smoothout idiosyncrasieghat occuron a shorttime-
scaleby averagingactivity andsynapticweightchangeover along spanof time. An unrealistically
fasttime-coursecould pusha modeltowardlocal minima, preventingit from corverging to global
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Figure5.3: Plotsof the receptie field (RF) centersare usedto displaythe 2-d simulationresults. (A) The weights
from a singleretinal patchto a single sublayerare shavn. The receptve field centersof neighboringdLGN cells are
linked by lines. A regulargrid indicatesperfectretinotopy. The sizeof eachdotindicatesthe strengthof the projection
from theretinalpatchto the correspondinglLGN cell. (B) Thestructureof the completeweightmatrix is shavn. In this
casethelayersareperfectlysegregatedin the stereotypicatonfigurationwith nearlyperfectretinotogy in eachsublayer
Theblanksub-quadrantsdicatethatthereis only avery weakprojectionfrom thegivenretinalpatchto thegivendLGN
sublayer(< .1% of the strengthof the strongespatchto sublayerprojection).
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order In this view, if the modelachieres global orderwith a fasttime-courseit is a testamento
therobustnesof the mechanisménvolved. In orderto validatetheseassumptiongndensurethat
the resultsare not spuriouslysupportedoy the acceleratiorin the time-courseof development,a
simulationwith a morerealistictime-coursevasrun (seeSec.5.4) andtheresultswerein line with
theothersimulations.

5.1.4 Scalelssues

Most of the simulationspresentedelon are 1-d simulationswith 1x10 RGCsin eachpatch
and1x20dLGN relay cellsin eachsublayer Thereis alsoa 2-d simulationwith 10x10RGCsin
eachpatchand20x20dLGN relaycellsin eachsublayer Thel-dsimulationsareusedo explorethe
modelbehaior, becaus¢hey aremuchlesscomputationallydemandinghenthe 2-d simulations?.

The 2-d modelhelpsto addressseveral potentialproblemsin the 1-d simulation. Eachsim-
ulatedwave in the 1-d simulationis modeledasa 1-d sectionthrougha 2-d wave that propagates
from arandompointlocatedon a circle (radius= 100 RGCs)aroundtheretinal patch. As aresult,
somewave-frontsareorientedparallelto the orientationof theretinal strip. Effectively this causes
averywide, very quickly moving wave to excite all of theRGCsin a 1-d patchsimultaneouslythis
is not true in the multiple domainl-d simulation,Sec.4.3.2). In the 1-d simulationstheseparallel
waves could unrealisticallysupportthe groupingof distantRGCsin the sameretina. In the 2-d
modeltherecannever be a wave that simultaneoushactivatesall of the RGCs(becausdhe waves
limited in their width) so the corvergenceof the 2-d modelindicatesthat this unrealisticaspecbof
the 1-d modelis not necessaryor appropriatenodeldevelopment.

The 2-d modelprobablyalsopresentsa morerealisticpicture of thelateralinteractionsn the
dLGN thanthe 1-d modelbecauseeachdLGN cell hasmorenearesheighbors.In the 1-d model
thereare2 nearesintra-sublayeneighborgexceptattheedges)while in the2-d modelthereare4.
Becaus¢he numberof intersublayerconnectionss the samen boththe 1-d andthe 2-d simulation
(2 or 1 ata boundary) theasymmetriesn intra-dLGN influenceareaccentuateth the 2-d model.
This increasein asymmetryseemso supportfasterand more robust layer segregationin the 2-d
relative to the 1-d simulations suggestinghatjudgmentsof robustnesdasedn the 1-d resultsare
probablyslightly conserative.

Because¢he2-dmodelincorporates4:1dLGN relaycellto RGCratio, it alsomoreaccurately
modelsthe neuralamplificationfactorfoundin cats,andferrets(seeSec.2.3.3).In my experience
the degreeof neuralamplification(i.e. “dimensionexpansion”)haslittle effecton the corvergence
behaior of themodel.

2In thefull 2-dsimulationthesynaptioveightsmatrixis 1600x400andthematrixthatmediateshelateralinteractions
in thedLGN is 1600x1600 At this scalethe modeltakesmorethanaweekto simulate.
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NOT DONE

Figure5.4: The2-d simulationof the canonicaimodelcansupportthe developmeniof preciseretinotopy, eye-specific
layersegregationandon/of specificsublayersggregation. RF centersof dLGN cellsin the4 sublayersareplottedin each
of the4 retinalpatchegFig. 5.3). Thedevelopmentatime-coursas shavn atages(A) D41, (B) D42,(C) D44, (D) D47,
(E) D50, (F) D54, (G) D56, (H) 62.

5.2 Organizationof Results

The main mechanismén the modelareexploredanddiscussedyelon. Becausghesemecha-
nismsdo notfall into a hierarchythereis nota naturalorganizationfor the explorations.In orderto
provide somestructure,Table5.2 providesanoutline of the organizationandorderof theresults.

5.3 Canonical Model

The mechanism#n the modelcansupportthe developmentof eye-specifidayers,on/off sub-
layersandpreciseretinotofy from aninitially disorderedprojection.Thetime-courseof refinement
is qualitatively similar to refinementin the actualprojection: eye-specificlayerssegregate early
in development,on/of sublayersegregateduring differentialon/off actwvity in the retina,andthe
refinementof retinotopy is relatively prolonged.Over the courseof developmentthe connectity
sharpensbut the arborsstaywithin a relatively constrainedangeof widths (asseenin the ferret
andcat,seeSec3.3.3).

A large 2-dimensionalsimulationis shavn in Fig. 5.4. The initial projectionis shavn in
Fig. 5.4A. The small amountof biastoward retinotoy, and eye-specificlayer segregationis the
samein this simulationasin all of the others(unlessstatedotherwise),but the display method
makesthe dggreeof initial disordermoreclear Notice that the layerssegregatequickly relatve
to retinotopicrefinementandthatthe on/off sublayerssegregatequickly after the onsetof on/off
differentiatedRGC actiity. The extentof segregationis lessevidentin the 2-d modelthanin the
1-d modelsbecauséhe thresholdfor ignoring residualweightsis very low in the 2-d plots. Weak
synapticweightsin the 1-d plots disappeasat a higherthresholdbecausehey areon a continuous
scalewith the strongessynapticweightsover the entirecourseof development.

For comparisorto the otherresultsshavn below, a 1-d simulationis shavn in Fig. 5.5. The
sharpnessf the off-centerRGC arborsrelative to the on-centelRGCsat the endof developments
dueto thedifferencesn theiractiity patternsduringon/off sublayersegregation. Becausef noisy
firing duringthis period,the off-centerRGCsoftenfire in relatve isolationfrom otherRGCs(see
Sec.4.3.2).Thisisolatedfiring allows synapse$o grov maximallybecauséhereis no competition
for synapticresourcesrom othercells. The on-centelRGC's continueto fire only in waveswhen
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Figure5.5: A 1-d simulationof the canonicalmodelcansupportthe developmentof preciseretinotopy, eye specific
layersegregationandon/off sublayersegregation. Weightmatrix is shavn atages(A) D41, (B) D42, (C) D46, (D) D56,
(E) D62.

mary of their neighborsaresimultaneoushactively competingfor resourcesotheir arborsremain
relatively broad.

5.4 Longer Time-course

As discusse@bore in Sec.5.1.3mostof the simulationsof the currentmodelhave anunreal-
istically shorttime-courseandfastlearningratein orderto make thesimulationsrunfaster In order
to validatethis approacha simulationwith a realistictime-coursevasrun. Fig. 5.6 illustratesthe
developmeniof a simulationthattook 21 daysin modelbiologicaltime.

The corvergenceof this realisticallytimed simulationdemonstratethat the modeldynamics
do not dependon a speededime-course. The model also demonstrateshat with this extended
time-coursethe parametersanbe chosersuchthatthetime-courseof layersegregationaccurately

A B C D E

Figure5.6: A simulationwith a realistictime-coursedevelopssimilarly to the speededstandardsimulations. Weight
matrix with a biologicaltime-courseof 3 weeksis shavn atageg(A) D41, (B) D46, (C) D53, (D) D57, (E) D62.
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follows theobseredtime-coursef segregation? In this simulation thelearningratewasdecreased
in inverseproportionthechangen simulationtime andfurtherby afactorof 10in orderto bringthe
time-courseof layerformationinto accordancevith biological obserations(from 5 x 1072 t05 x
10~%). Dueto computationatonstraintsthe time-stepusedin this modelwas.5sinsteadof .1s.
All otherparametersverethe sameasin the standardsimulations.

5.5 Multiple Domains

As discussedbore in Sec.4.3.2the modelassumeshat eachretinal patchis alwaysin the
sametransiensubdomainandsoalwayshasawave passcompletelyoverit. In orderfor themodel
to begenerallyapplicableo thedevelopmenbf clusteringor to theafferentsfrom eachentireretina,
themodelmustbeapplicableto multiple sub-domainsin orderto modelmultiple subdomainsand
to bias the simulationagainstunrealisticmechanism®f layer segregation, a simulationwas run
usingwavesthatpassedver only 1/5—4/5 of aretinal patch,leaving therestof the RGCssilent.
Thisactvity patterncorrespondso theretinalpatchbeingchronicallylocatedon theshifting border
betweertwo transiensubdomainsTheactve andsilentRGCswereat eitherendof theretina,such
thatRGCsat the oppositeendsof theretinal sheetwerenever co-actve. Becausghe RGCswithin
the sameretinal patchare anti-correlatedn this simulation (Fig. 5.7), theseafferentsmight be
expectedo clusterlessthanthey doin the biological systemwherethey fire independentif{Wong
etal., 1993andDaniel Butts,personatommunication).

In spiteof thisanti-correlationthemodelstill supportdayerandsublayesegregation(Fig. 5.8).
Thefactorworking in favor of eye-specificsegregationis the “chaining” of thetendeng of neigh-
borsto clustertheir afferentstogether It follows thatthe transient/shiftingnatureof the subdomain
boundarieds crucial to the global segregation of afferents,becausehis shifting preventssubdo-
main boundariesrom chronically supportingsharpdropsin correlationsbetweenthe actiity of
neighborson oppositesidesof the subdomairboundaries.The length of time neededo achieve
layer seggregationis more prolongedin this modelthanin the modelswith only one subdomain.
This obsenrationcanhelpexplain why the segregationof layersis unrealisticallyfastin mostof the
simulations(~1 dayversus~7-9 daysin the biological system)becauséehebiological systemhas
to rely on the chainingeffect over arelatvely large distancen orderto supportthe global cluster
ing of afferentsfrom eacheye. Intuition suggestshatasthe numberof subdomainsncreasegi.e
astheretinal sizeincreasesor the wave durationdecreaseghe periodof actvity-dependentayer
sgyregationshouldbecomdonger

3Along with more rigorousmatchingof the simulatedwavesto the in vitro measurementand further dataon the
mechanismsf synapticchangethe modelbiologicaltime-courseof segregationcouldsene asa usefulconstrainbnthe
modelparametersFor example,the learningrate (h) that supportedan appropriateime-courseof developmentcould
provide aroughestimateof the strengthof synapticchangemechanisms.
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Figure5.7: The correlationmatrix of the RGCsin one patchduring non-averlappingwaves. The color-bar belav
indicatesthe correlationvalue correspondingo the plot above. Note thatthe correlationsare negative betweenRGCs
thatareseparatety large distancesSeeSec.4.3.2for detailsof the actiity patternsandtheirimportance.
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Figure5.8: Multiple sub-domainf retinal actiity cansupportlayer andsublayersegregation. Weight matrix with
non-overlappingwaves(seetext for details,Sec.5.5)is shavn atages(A) D41, (B) D43, (C) D47, (D) D56, (E) D62.
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Figure 5.9: Assumingexuberantinitial connectiity lateralinteractionscan supportthe developmentof retinotoyy,
eye-specifidayersegregation,andon/of sublayersegregationin theabsencef sprouting.Weightmatrix with exuberant
initial conditionsandno sproutingis shavn atages(A) D41, (B) D42, (C) D45, (D) D56, (E) D62.

5.6 Blurring and Sprouting in the dLGN

The effects of sproutingand thoseof lateralinfluencein the dLGN are largely redundant.
Both supportretinotopicrefinementandtheasymmetrimatureof bothsupportdayerandsublayer
seyregation.

5.6.1 Blurring

Lateralinteractionsalonecansupportthe developmentof retinotoyy, eye-specificlayersand
on/off sublayersFig. 5.9. Becausarborscannotshift their positionsappreciablywithout sprouting
processest wasnecessaryo assumexuberantinitial connectiity (i.e. every RGC synapse®n
every dLGN relay cell) to ensurethat corvergencewas possible. This conditionwas satisfiedby
increasinghewidth of theinitial RGCaxonalarborsto 10x the canonicawidth (s.d.= 380um).

In previous modelsit hasbeenfoundthatmapscornverge morerobustly whenthe lateralinflu-
encein thedLGN startsoff wide-rangingandthenslowly decreaseever development(a“shrinking
neighborhoodunction”). Thisshrinkinginfluenceis instantiatedn thecurrentmodelasashrinking
in theparameten (Fig 4.6,correspondingo anincreasen theinhibitory conductancessec.4.3.4).
In thecurrentparameteregime, this shrinkingis notnecessarjor propercorvergence.Simulations
with A = 1 or A = 20 throughoutdevelopmenthadresultsvery similar to thoseshavn in Fig. 5.9.
Thereare someinappropriatelyplacedsynapsesn the caseof A = 1, but corvergenceis nearly
perfect.In my experiencewith otherparameteregimes,staticlarge or smalllateralinteractionslo
make corvergenceto layersegregationandretinotopy lessrobust, but not markedly so.
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Figure 5.10: Sproutingcan supportthe developmentof retinotoyy, eye-specificlayer segregationin the absenceof
lateralexcitatoryinteractionsn the dLGN. Weightmatrix with nolateralinteractionds shavn atageqA) D41, (B) D43,
(C)DA47,(D) D56, (E) D62.

5.6.2 Spiouting

Sproutingalonecansupportthe developmenif retinotopy, eye-specifidayersandon/of sub-
layers,Fig. 5.10. While previous modelswith only sproutinghave demonstratethatsproutingcan
supportthe emegenceof retinotofy and eye-specificlayers(Keesinget al., 1992; Eglen, 1997),
attemptsto supporton/of specific segregation with only sproutinghave beenunsuccessfu(see
Sec.7.2.2andEglen,1997). The ability of this modelto supporton/off sublayersegregationwith
only sproutingis probablydueto the presencef asymmetriesn sproutingandbiasesoward sub-
layersegregation.

While sproutingandlateralinteractionsedundantlysupportthe clusteringof correlatecaffer-
ents,sproutingalsoallows arborgo shift graduallyover development.Thus,it is possiblehatlateral
interactionsarenot necessaryor actvity-dependentetinogeniculateefinementput someform of
sproutingis probablynecessaryo ensurehatarborscanshift their positionsover development.

5.7 No On/Off Activity

Becausedhe iterative on/off biasandthe asymmetriesn the modeldo notindependenthsup-
port sublayersegregation, sublayerdail to segregatein the absenceof differentiatedon/off RGC
actvity, Fig.5.11.

5.8 Biases

In orderto illustratethe role of theinitial biasegSec.4.3.3)in termsof the modelbehaior,
a simulationwasrun in which therewasno biastoward retinotopy, eye-specificayer segregation,
or on/off sublayersegregation. As illustratedin Fig. 5.12the simulationcandevelop continuous
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Figureb.11: Differentiatecon/of RGCactivity is crucialto thedevelopmenif on/of dLGN sublayersWeightmatrix
with no noisy off-cell firing is shavn at ages(A) D41, (B) D42, (C) D45, (D) D56, (E) D62. The weightsaredarker
duringtheinitial partsof developmentbecausehey arelargerrelative to the blurry andunseregatedfinal stateof the
projectionthanto a normalmatureprojection.

retinotopy, eye-specificlayers,and on/off sublayerswithout ary biases. Note that, asonewould
expect,the matureconfigurationis not necessarilystereotypicalvithout biases.

More surprisingis the factthat, without biases corvergencetoward ary segregatedconfigu-
ration is more fragile, especiallycorvergenceto segregatedon/off sublayers. This suggestghat
biasesnot only supporta stereotypicafinal configuration,but they alsohelp to supportthe layer
andsublayersggregationin general.On/off sublayersegregationis probablyespeciallydependent
on biasesbecauseéhe correlationalstructurein the retinal actvity differentiateshe on/of RGCs
lessthanit differentiategshe RGCsfrom thetwo eyes.

Simulationssuggesthatit is possibleto compensatéor the influenceof the missingbiases
by increasingheinfluenceof asymmetrie®n layerssegregation. Loweringthetheinterlayerand
intersublayetinteractiong(i.e. from .1to .001) makeslayerandsublayersegregationfairly robust.

A B C D E

Figure5.12: A simulationwithoutary biasesandwith theinter-layerandinter-sublayetnteractions= .001candevelop
retinotopy, eye-specifidayersegregation,andon/off sublayersegregation. Weightmatrix is shavn atages(A) D41, (B)
D42, (C) D54, (D) D56, (E) D62.
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5.8.1 AlternateTypesof Bias

The actualform of the biasess not crucialto propercorvergence.The canonicalmodeluses
aningrowth bias(onestep,atinitialization) for theeye-specifidayers,andatrophicbias(iteratively
appliedevery step)for theon/of sublayersUsingtrophicbiasesor aningronth biasfor bothlayers
andsublayersalsosupportsconvergenceto the stereotypicamaturestate. However, the ingrowth
bias for the on/off sublayersmust be enforcedat the onsetof on/off sublayersegregation or it
attenuatebeforethe periodof sublayersegregation.

5.9 Asymmetriesin Sprouting and Lateral Interactions

5.9.1 NoAsymmetries

Asymmetriesn theintra-dLGNinteractionsarecrucialto theproperconvergenceof themodel
(seeFig. 5.13). In the canonicalmodel the intersublayerinfluenceis 10% of the strengthof
the intra-sublayerinfluencebetweennearesieighbors. Likewise, RGC axonalarbor sprouting
is strongerwithin a layer thanbetweenlayers,by the samefactor To my knowledgethis useof
asymmetricalateralinteractionsto supportlayer formationis uniqueto this model, and hasnot
beentestedbiologically*

Withouttheseasymmetriesoughretinotofy emeges,but eachRGCarborinnenatesall sub-
layers. In fact, eachRGC arborduplicatestself in all of the sublayers.This duplicationbetween
layersarisesin the absencef asymmetriebecausestructuresn onelayercancooperatiely rein-
force similar structuresn adjacentlayers. Whenthis tendeng is strong,the structuresn all the
sublayersareidentical,asseenn Fig.5.13.

5.9.2 StaticAsymmetries

Althoughasymmetriesreassumedo increaseverthecourseof developmenin thecanonical
model (seeFig. 4.7), this assumptioris not necessaryor appropriatecorvergence. A modelin
whichtheinterlayerandintersublayemweightsremain.1 over developmentobustly developslayer
andsublayersegregation. However, evenwith the biastoward a stereotypicalayer configuration,
the sublayerconfigurationrobustly endsup switchedsuchthat the on-centercells clustertogether
attheborderbetweenthelayers(seeFig 5.14). Thatis, the on-centeRGCsfrom the two eyesend
up projectingto the outersublayerof layer A andtheinnersublayerof layerAl (seeFig.5.1).

“Previous analyticwork (Miller, 1996) suggestshat the importanceof asymmetriego the formation of layersand
sublayersn thedLGN is a specificinstanceof thetendeng of lateralinteractiongo determinethelayoutof topographic
maps.Likewise,thedevelopmenbf precisereceptve fields (eye andon/off specific)is aspecificinstanceof thetendeng
of correlationgn theinputsto determinereceptve field structure.
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Figure5.13: Asymmetriesin intra-dLGN interactionsand RGC sproutingare crucial to modelcorvergence. Weight
matrix with no asymmetriesn eithersproutingor intra-dLGNinteractionds shavn atages(A) D41, (B) D42, (C) D48,
(D) D56, (E) D62.

Unlike the canonicalasymmetriesstaticasymmetrieprovide excitatoryinteractionsbetween
the layersduringthe periodof on/off sublayersegregation. Indeed,the stereotypicatonfiguration
re-establishegiself if this interlayer excitatory interactiondisappearsi.e. inter-layer interactions
= 0) duringthe periodof on-off segregation(seeFig. 5.15). The clusteringprobablyariseshecause
the correlationsbetweerthe on-RGCsfrom the two eyesare higherthanthe correlationsbetween
theon-RGCdsrom oneeye andthenoisily firing off-RGCsfrom the othereye. Becausa LGN cells
thathave an excitatory influenceon eachothertendto have morecorrelatednputs, the interlayer
excitationsupportghe groupingof the on-centerafferentsfrom the two eyes.

5.9.3 Nolnter-Layer/Sublayetnteractions

An absencef interlayer andintersublayerinteractionsalsodisruptsappropriatenodelcon-
vergence(Fig. 5.16). 1t seemghattheretinotopicmapsin thesublayersieedmutualreinforcement,

A B C D E

Figure5.14: Staticasymmetriesn intra-dLGN interactionsandRGC sproutingsupportthe segregationof layersand
sublayershut notin the stereotypicatonfiguration.Weight matrix with inter-layerandinter-sublayeiinteractiondixed
at.1lis shavn atages(A) D41, (B) D42,(C) D47,(D) D56, (E) D62.
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Figure5.15: Staticasymmetriesn intra-dLGN interactionsand RGC sprouting,coupledwith the disappearancef
inter-layerinteractionduringon/off sublayersegregation,supportgpropermodelcorvergence Weightmatrix with inter-
layerandinter-sublayeiinteractions= .1 from D41-D55,andinter-layerinteractions= 0 from D55-D62is shavn atages

(A) D41, (B) D42, (C) D47, (D) D56, (E) D62.

orthey will divergeandeventuallyfracture.AlthougheachRGCarboronly innenatesonesublayey
RGCsfrom the samepatchdo not segregateinto the samesublayer

In summaryinterlayerandsublayeiinteractionamustbe presenndmuchwealer thanintra-
sublayerinteractionsto supportlayer and sublayersagregation aswell asretinotopicrefinement.
In addition, the interlayer interactionsmust decreasdo O (at least) aroundthe onsetof on/off
sgregationin orderto prevent on-centerafferentsfrom the two eyesfrom clusteringin adjacent
sublayers.

A B C D E

Figure5.16: Layersegregationcanoccurin theabsencef interactionsetweerdLGN layersandsublayersbut retino-
topy andsublayersgyregationrequiresomeinteractions Weightmatrix with inter-layerandinter-sublayeiinteractions=
0is shavn atages(A) D41, (B) D42, (C) D47, (D) D56, (E) D62.
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Figure5.17:In theabsencef pre-synapticiormalizatiorall of thesynaptioweightconcentratei oneor afew RGCs,
leaving the otherRGCswithout synapsesWeight matrix with no pre-synaptimormalizationis shavn atages(A) D41,
(B) D42, (C) D45, (D) D56, (E) D62.

5.10 Pre-and Post-SynapticNormalization

Both pre and post-synaptimormalizationare crucial to the models stability As shawvn in
Fig. 5.18, normalizingonly the pre-synaptioveightsresultsin a handfulof dLGN cells receving
all of the retinal synapses.Likewise, Fig. 5.17 resultsin one RGC dominatingthe entire retinal
projection. This sharpeningof the retinogeniculateprojectionis supportedby the combination
betweerscaledsynapticweightupdateandmultiplicative normalization.

5.10.1 No Pre-SynaptidNormalization

In the absenceof pre-synapticnormalization,the total synapticstrengthof an RGC is only
constrainedy the numberof dLGN cells andtheir total synapticstrength.Undertheseconditions
oneor afew RGCseventuallydominatethe entireprojection(seeFig. 5.17). This concentratiorof
synapticweightis possiblebecausectiity spreadsn the dLGN. A strongsynapsewill alsotend
to reinforcethe growth of synapsedrom the pre-synaptidRGC to nearbydLGN cells (sprouting
hasa similar effect). Eventually this procesgendsto amplify the projectionof anRGCwith strong
synapsesintil it dominatesall post-synapticells. During periodsthatthe dominantRGCis silent,
otherRGCswill be ableto competefor resourcesbut whenthe dominantRGC is actie it will
morethanrecoupits losses.Oncediscrepanciearisebetweernthetotal synapticstrengthof RGCs,
adominantRGCwill tendto increasdhe gapbetweerit andthe otherneuronsover development.

5.10.2 No Post-SynaptidNormalization

In theabsencef post-synaptinormalizationthetotal synapticstrengthof adLGN cell is only
constrainedy the numberof RGCsandtheir total synapticstrength. Undertheseconditionsone
or afew dLGN cellseventuallydominatethe entireprojection(seeFig. 5.18). Onemechanisnthat
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Figure 5.18: In the absenceof post-synaptimormalizationall of the synapticweight concentrateén oneor a few
dLGN cells,leaving theotherdLGN cellswithout synapseswWeightmatrix with no post-synaptimormalizatioris shavn
atages(A) D41, (B) D42, (C) D45, (D) D56, (E) D62.

supportghis concentratiorof synapticweightis thata post-synapticeuronwith alarge incoming
synapticstrengthwill tendto be active morethana neuronwith lessincoming synapticstrength.
Due to this fact, ary synapsedsrom RGCsonto a strongly connecteddLGN cell will tendto be
strengthenedhoreatall actvity levels(save silence)thanthesynapsefrom thesameRGCto other
dLGN cells,becausé¢hoseotherdLGN cellsare,on average Jessactive andthe synapticchanges

scaledby the post-synapti@ctivity. Theresultis thatthe connectiongrom all RGCsto a strongly
connectedlLGN cell will tendto grow fasterthansynapseso lessstronglyconnectedILGN cells.

The above descriptionwill only be accurateto the extentthatall RGCsconnectto all dLGN
cells. Sproutingpushessynapticconnectiity toward this state,althoughnot completelyandespe-
cially notbetweerlayers(dueto asymmetries)Theresultis thatthedominantdLGN cell canonly
capturethe retinalinputsto its sublayer ratherthanall the retinalinputs. After developmentthis
resultsin onecell in eachsublayetthatcapturesll theretinalsynapseso thatlayer (seeFig. 5.18).

5.10.3 CappedNormalizationand MonocularDeprivation

Monoculardeprivationresultsin thedeprivedeye losingmuchof its projectionto thebinocular
region of the dLGN, andthe sparedeye expandingits axonsinto the layersthatit would normally
not innenate. The canonicalform of the currentmodelcannotaccountfor theseresults,because
the total synapticweight supportedby the pre-synapticcells is tightly constrainednormalized)
andindependenof activity. However usingavariantof normalization(“cappednormalization”,see
Sec4.3.7),dervedby analogyto Eglenswork (Eglen,1997,andSec.7.2.2),it is possibletco model
someof the monoculardeprivationresultsin the currentframevork. Cappediormalizationallows
RGCaxonalarborsto sustaima total synapticstrengththatis smallor 0, but limits their growth to a
maximalvalue(d, seeSec.4.3.7).
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Figure5.19: Cappedhormalizationsupportshe developmeniof roughretinotory andeye-specifidayers,but fails to
supportthe developmentof on/off sublayersWeightmatrix with cappedhormalization(é = 2.33) is shavn atages(A)
D41, (B) D45, (C) D48, (D) D56, (E) D62.

Canonicallnputs Cappednormalizationsupportsthe developmentof retinotopy, and eye-
specificlayer sgyregation,but not on/off sublayersegregation. Theresultsof simulatingthe model
developmentwith this form of normalization(with & = 2.33) is shavn in Fig. 5.19. The specific
value of § waschosento bestsupportnormaldevelopmentwith canonicalinputsandappropriate
developmentwith monocularinputs. Lower valuesof 6 tendto form eye-specificlayersin both
casesandhighervaluestendto supportthe dominationof the projectionby a singleeye in both
cases.

Note that, becausehey have a higheractvity level, the off-RGCscometo dominatethe pro-
jectionduringtheperiodof on/of sublayersegregation. This finding highlightsa potentialdilemma
in modelingmonoculardeprivation and on/of layer segregation simultaneously The deprivation
resultssuggesthatRGCswith low activity levelswill tendto losetheir synapticconnectionsYet,
thereare no obvious asymmetriedbetweenthe normal projectionsfrom the on and off-RGCs—
eventhoughthe on-RGCsareonly 25% asactive asthe off-cells duringthe periodof on/off segre-
gation. Resolutionof this dilemmacould be provided by: undiscoeredasymmetriesn theon and
off-RGC projectiongo thedLGN; addedcompleities in therelationbetweerpre-synaptiactvity
andtotal synapticstrength;or addedcompleities in the dynamicsof weightchange.

MonocularDeprivation Whendeprivation conditionsaresimulatedby silencingoneretina,
cappedchormalizationyieldsresultsin accordancevith deprivation experimentgseeSec.3.3.7).In
this simulationthe deprived eye losesits projectionto the dLGN (the binocularregion thatis the
focusof the currentmodel),while the sparedeye takesoverthe entiredLGN (Fig. 5.20).

In this case the off-RGCsare preventedfrom dominatingthe monocularmprojectionbecause
6 will only allow themto support~2x their normalsynapticstrength,wheretheir dominationof
theentireprojectionwould requirethemto supportd x their normalsynapticweight. Theon-RGCs
retainaportionof thesynapticweightbecauséhereis no competitionfor their resourcesanalogous
to thesilentRGCsin the canonicaimodelwith monoculardeprivation.
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Figure 5.20: Cappednormalizationwith monocularretinal deprivation (silencing)resultsin the dominationof the
retinogeniculatgrojectionby the sparedeye. In this monocularprojectionthereis roughretinotoy, and someon/off
layer sggregation. Weightmatrix with cappedhormalization(§ = 2.33) andmonoculadeprivationis shavn atages(A)
D41, (B) D42,(C) D44,(D) D57, (E) D62.

5.11 Summary

It was demonstratedhat the canonicalversionof the model, aswell asversionswith only
sproutingor lateral excitatory interactionsin the dLGN can supportthe developmentof precise
retinotopy, eye-specifidayersegregationandon/of sublayersegregation. It wasfurthershavn that
themodelshavs robustcornvergenceat differenttemporalandspatialscales.The effectsof someof
the parameterandmechanism# the modelwerediscussedndillustrated.



Chapter 6

Formal Analysis

Understandinghe behaior of the modelthroughsimulationsis difficult becauseherearesimply
too mary parameterso explore simultaneously A more powerful approachis to understandhe
dynamicsof the equationsandthe effectsof the parametersn thosedynamicsby addressinghe
mathematicf the model at an analyticlevel. This type of approachcan point out the crucial
aspectof themodelandeven,in somecasespredictits dynamicswithoutresortingto simulations.

6.1 Analytic Difficulties

In its main formulation,the modelis quite difficult to approachanalytically Therearethree
problems:themodeldepend®nnormalizingtheweightsover boththepre-andpost-synapticells;
the model utilizes limited connect¥ity and sprouting;andthe weight dynamicsin the modelare
non-linearbecause¢he weightupdateis dependenbnthe previousweights.

First,theuseof bothpreandpost-synapticnormalizationgenerateswyo conflictingconstraints
that prevent the exact satishction of eitherconstraint. The resultingdynamicsdo not conformto
ary constraineabjective function. Thereforetheapproximatenormalizatiorusedn themodelpre-
ventsexactinterpretatiorof the modelin termsof previous analyticwork (Wiskott and Sejnavski,
1997; Wiskott and Sejnavski, 1998; Miller and MacKay, 1994), and other modelsthat enforce
eitherpre or post-synapticormalization put not both (e.g. Miller etal., 1989).

Secondthe modelassumptiorof limited connectiity coupledwith sprouting,althoughbio-
logically realistic,preventsdirectcomparisorwith previous modelsthat useall-to-all connectity
for analyticandcomputationakimplicity. This difficulty is mitigatedby the factthatsprouting,at
leastin the caseof onemodel,hasbeenshavn to be formally equivalentto moretraditionalfully
connectednodels(Miller, 1997b). The equivalencebetweenthe modelsdependson the possible
positionsof the arborsbeing equivalentin the two models(i.e. that their “arbor functions” are
equialent),andon bothmodelshaving subtractie normalization.

Third, explicitly scalingthe weight updateby the previous weight makes the weight update
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intractableto linearanalysis Fortunatelyguidedby previousanalyticwork (Wiskott andSejnavski,

1998; Miller and MacKay, 1994), it was possibleto constructan alternatve formulation of the
model that malkes the normalizationsubtractre and simultaneouslyaddresseshe third problem
by makingthe synapticweightchangendependenof the previous weight (exceptasit influences
dLGN actity).

6.2 Alter nate Formulation

The recentwork of Wiskott and Sejnavski (Wiskott and Sejnavski, 1998; Wiskott and Se-
jnowski, 1997)hascreatedca mathematicafoundationfor translatinga modelin whichthe synaptic
weight changeis scaledby the existing weightinto a moretraditional,linear andtractablemodel
in which the synapticweightchanges not explicitly effectedby the previous weight. This change
is coupledwith a changefrom multiplicative normalizationto subtractie normalization. Wiskott
and Sejnavski’s analysis,aswell asprevious analyticwork (Miller andMacKay, 1994),suggests
thatthe changesn the weightgrowth rule andthe normalizationrule compensatéor eachothers
influence.

Wiskott andSejnavski's analysisappliesin astraightforvardfashionto modelswith eitherpre-
or post-synaptimormalizationput not both. Difficultiesarisewhenbothformsof normalizatiorare
enforcedsimultaneouslyasin the currentmodel),becauseéhe constraintsnterferewith eachother
— resultingin inexact satishction of both constraints.In orderto constructa subtractve version
of the currentmodel, | followed Wiskott and Sejnavski’s discussiorof a canonicalcasewith only
pre-or post-synapticnormalizationandgeneratednanalogousubtractie versionfor the current
model. Theresultingmodelis thusmotivatedby their analysis put not rigorouslyderived from it.*
Theresultingmodelwasthenvalidatedthroughsimulations asdiscussedn the next section.

Wiskott andSejnavski outlineamodelwith scaledHebbianlearninganda multiplicative post-
synapticnormalizatiorrule thatis describedy the equations:

IFormally, Wiskott and Sejnavski translatefrom onesetof weightupdateandnormalizationequationgo anothetby
conceptualizinghe modelasa setof dynamics(driven by weight update)that minimize an objective function subject
to constraintgthe normalizationprocedure). The model dynamicsare framedas an optimizationproblem,wherethe
modeleventuallysettlesnto aminimumof the objective function. The benefitof this approachs thatthe sameobjective
function canbe minimizedin morethanoneway. Two setsof equationghatminimize the sameobjective functionwill
resultin similarendstatesvenif their paths(their dynamics)redifferent.If the endstateof oneof the setsof equations
is predictableanalytically the endpoint of the othersetis knovn aswell. Alternatesetsof equationsare derived by
transformingthe objective functionvia coordinateransformationgi.e. change®f basis)thatpresere theminimain the
objective function, but changeits error surface. This changecderror surfacechangeghe dynamicsof the minimization
andthe constraintsBecauséhe setof transformedequationgminimizesthe sameobjective function (undera coordinate
transformationjhetwo setsof equationsanbetakento beroughlyequivalentin termsof the maturestructureshatthey
support.

2The notationand approachin Wiskott and Sejnavski (1998)is quite differentfrom that usedin this thesis. For
purposef clarity andconsisteny, | useterminologythatis consistentvith the currentdiscussionThis departuréfrom
Wiskott andSejnavski’'s framework resultsin somelossof fidelity to the detailsof Wiskott andSejnavski’s approach.
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OWgy]
Sr = Wl Ul Ty (6.1)
_ Wy
Wigy) = 5 ey (6.2)

They shawv that theseequationsminimize the sameobjective function (undera coordinatetrans-
formation) as the following equationsthat enforceunscaledHebbianlearningand a subtractie
normalizatiorrule:

OW(zy)
&y = [z Ty (6.3)
1 )
Wy = Bfay) T H(1 = D Day)
5 2y Wiz | 1
L i S

Wy denoteghe updatecandunnormalizedsynapticweight,andif w,,; < 0, thenwp, = 0.

By analogyl constructech normalizationrule that appliesto the simultaneougre and post-
synapticnormalizatiorusedin the currentmodel?

dw
oy _
5 = b
- 1 2 Way] | 2y Way) 2
Wgy] = “’[zy]_g( 7 + R )+L+R

constraineduchthat:

if ’lf)[my] < 0, Wzgy]

0
if Wigy) > 1, Wy =1

The factorsof 2 areaddedto counteracthe summingoperationsover both pre and post-synaptic
indices,andthe secondconstraintis addedbecausehis normalizationis approximatesothateven
afternormalizationsomecells cansupportmoresynapticweightthanmaximally allowed.

3It is possiblethatthereare otherunscaledsubtractie formulationsthat have the desiredcorvergencebehaior, but
constructingoneis not trivial. Beforelearningof Wiskott and Sejnavski’'s work, | madeseveral unsuccessfuhttempts
at constructingunscaledsubtractve versionsof the model. David Heegger's help was crucial to the formulationof this
normalizatiorrule.
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Figure6.1: Thesubtractve versionof the modelcansupportthe developmentof retinotopy, eye-specifidayer segre-
gationandon/off sublayersegregation. Weightmatrix with A = 5 x 10~° is shavn atagesD41 (A), D43 (B), D51(C),
D58 (D), D62 (E).

In combinationwith the unscaledHebbianlearningrule (Eqg. 6.3), this subtractre normal-
ization rule was predictedto generatesimilar corvergencebehaior to the canonicalmodel? In
addition,the modelusingtheseequationss tractableto linear analysisbecauseahe weight change
doesnot explicitly dependonthe previousweight.

6.2.1 SimulationResults

I ran somesimulationsusing this “unscaledsubtractie” setof equationsn orderto check
the validity of the construction.With the learningrateloweredby a factorof 100 (to 5 x 107°),
the simulationsyielded resultssimilar to the former setof equationgseeFig. 6.1), as predicted.
The latter setof equationsdescribesan analytically tractableversionof the modelthat generates
retinotoyy, eye-specifidayersandon/off sublayers.

Above this reducedearningratethe subtractre simulationsdid not robustly display corver
gence.The fragile natureof the subtractve versionis possiblydueto hardlimits imposedon the
weightsafter subtractre normalizationto prevent them from increasingbeyond 1 or decreasing
below 0. Large jumpspasttheselimits mightintroduceunstabledynamicsin the weight change.
Alternatively, the tendeng of the subtractve dynamicsto strongly sharpenthe projectioncould
causeheweightconfiguratiorto becomdockedinto local minimarelatively easily

“Theremay be someempiricalreasongo favor the oneformulationover the other For example,someresearctas
shavn thatatleastsometypesof LTP andLTD seento actmultiplicatively (Turrigianoetal., 1996),but thedynamicsof
synapticchangearestill relatively unknavn.
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6.3 Linear Analysis

The dynamicsof this unscaledsubtractre model are tractableto linear analysis. In linear
analysisthedynamicsof theweightsarerelatedto the possibleconfiguration®f weights(thearbor
function),thelateralinfluencesn thetamgettissue(theneighborhoodunction),andthecorrelational
structureof theinput patterns.Thetrick is to determinethe fastesigrowing patternsn the weights
(via eigervectoranalysis),andthenextrapolatethe ultimate weight pattern(Hausslerandvon der
Malshkurg, 1983;Miller, 1990;Miller andMacKay, 1994).

6.3.1 WeightMatrix Eigenmodes

My analyticapproachguidedby previous analyticwork®, wasto determinethe eigenmodes
of the weight matrix assumingcanonicalretinal actiity patternsandintra-LGN interactions(see
AppendixC for an explanationandderivation of the eigenmodes).The eigenmodeganbe inter
pretedasthe fastestgrowing component®f ary weight matrix in the unscaledsubtractie model.
The particularmodesthatdominatethe eventualprojectionwill dependon relative growth ratesas
well asbiasesandnoisein theinitial projectionandstochasticityin theretinalactwity.

The 25 largesteigenmodegand growth rates/eigevalues)of the specificdLGN interactions
andretinal activity patternausedin the unscaledsubtractve (andcanonical)versionof the current
modelareshovn in Figs.6.2and6.3. For purpose®f indicatingindividual eigenmoded, will refer
to themby number(1-25)in decreasingrderof eigevalue(i.e. left to right, top to bottom). Note
thattheinfluenceof sproutingis ignored.More accuratelyit is effectively assumedhateachRGC
arborinitially projectsto all LGN neurons.

Theactionsof someof the eigenmodesrediscussedbelaw. It shouldbekeptin mind thatthe
eigenmodesctin parallelduringdevelopment.For example thecombinedactionof horizontaland
verticalgradientqe.qg. Fig. 6.2, 6 and7) could amplify a retinotopicprojectionwithin eachof the
16 sub-projections.

D41: Eye-Specifit ayer S@regation Fig. 6.2 shavs the eigenmodesluringthe early partof
eye-specifidayersegregation,whenthereis nonoisyoff-RGCfiring, theinter-sublayerconnections
aresmall(.1), andtheintersublayerconnectionsrelarge (1).

Duringtheperiodof eye-specifidayersegregation,thetwo fastesgrowing eigenmodegFig. 6.2,
1 and?2) stronglydifferentiatethe inputsfrom the two eyes. Eigenmode2 directly supportsegre-
gatedprojectionsfrom eacheye to a separatdayer, and Eigenmodes supportdifferentialgronth
of weightsto the two layers. Eigenmoded 3, 15, 19 and 21 will amplify retinotopicprojections,
becausehey selectvely amplify weightsalongthe diagonalsof eachof the 16 sub-quadrants.

%I couldnot have donethis analysiswithout Ken Miller’ s expertiseandgenerougjuidance.
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Figure6.2: The 25 fastesigroving weight patternseigenmodesjluring eye-specifidayer segregation (D41-D55)in
the canonicalmodel. Above eacheigenmodss its rate of growth, normalizedto male the fastestrate of growth = 1.
Actual fastesgrowth rateis 10000.

D55: On/Of SublayerSeregation Fig. 6.3 shavs the eigenmodesluring the early part of
on/of sublayersegregationwhentheoff cellsaredominatedy noisyfiring, theinterlayerconnec-
tionsarezero,andtheintersublayerconnectionsaresmall(.1).

ComparingFig. 6.2to Fig. 6.3, it is apparenthatmary moreof the eigenmodesluring on/off
sublayersayregation selectvely influencethe projectionto one of the two layers. This tendeng
towardindependengrowth is probablydueto thelack of interlayerconnectionsluringthis period.
Thereis alsoatendenyg for theeigenmodeso differentiatetheinputsfrom theon andoff-RGCs(4
verticalstripes guitepronouncedn 2,16and17)dueto theadditionof noisyoff-cell firing. Likethe
eigenmodesluring the period of eye-specificsegregation, threeof the dominanteigenmodeg1,2
and5) generatesye-specificand layerspecific projections. The principle eigenmodg1) directly
supportseye-specificlayer segregation. In contrastto the eigenmodesluring the period of eye-
specificsegregation,thereareseveraleigenmodethatdirectly supportifferentialprojectiongo the
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Figure6.3: The 25 fastesgrowing weight patterngeigenmodesjiuringon/off sublayersegregation(D55-D62)in the
canonicaimodel. Above eacheigenmodeas its rateof growth, normalizedto make thefastestrateof growth = 1. Actual
fastesgrowth rateis 500.

innerandoutersublayerdrom thetwo eyes(6 and7) andthe on/of cells (16 and17). Presumably
the differential gronth betweenthe sublayersarisesbecausedhe intersublayerweightsare weak
duringthis period. The eigenmodeshat supportretinotogy duringthis periodare(20, 21,24, and
25).

6.4 Summary

An unscaledsubtractie versionof the modelis presentedThis versionfollows looselyfrom
previous analyticwork, corvergesappropriatelyin simulations,andis tractableto the type of lin-
earanalysisthat haspreviously beenappliedto similar models. Linear analysisdemonstratethat
someof the fastestgrowing weight patternsfrom D42-D55 supporteye specificlayer segregation
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andretinotory. FromD55-D62someof thefastesigrowing patternsenforcethe eye-specifidayer
sayregation,thesayregationof inputsto thesublayersandthedifferentialgrowth of inputsfrom the
on-andoff-RGCs.

Thisanalysisof themodeldynamicss usefulbecauséts helpsformalizeintuitive understand-
ings of the modelmechanismsAll of the majorstructureghataresupportedy the currentmodel
(eye-specifidayers,on-off sublayersandretinotofy) arisebecaus®f the specificmechanismand
assumption®f the model. Theseanalysesndicatethat the specificassumptiongboutintra-LGN
interactions,Hebbianlearning, and the realistic patternsof retinal actiity will tendto amplify
thesepatterns. The otherimplementationatietailsare probablybestviewed as providing biolog-
ical realismandan environmentthat preventsspuriouspatterns(“local minima”) from becoming
entrenchedallowing thedominanteigenmode$o shapethe globalorderof the projection.



Chapter 7

Previous Models

Self-olganizingmaps andtheirrelevanceto neuralcircuit formation,have beenexploredin avariety
of modelssincethe 1970s. They have beenappliedto diversesystemsncluding the development
of retinotoyy in thetectum,the organizationof dermaltopographianaps the segregationof groups
of sensonyjinputs,andthe coordinationbetweernoverlaid maps(e.g. oculardominanceretinotoyy,

and orientationselectvity). Becauseherehave beenseveral extensve reviews of thesemodels
publishedrecently(Swindale,1996; Erwin et al., 1995; Eglen, 1997)this review will cover only
a handful of the mostrelevant previous models. Notably this review will not cover modelsthat
concentraten the role of trophicfactorsin actiity dependentefinementWhitelav and Cowan,
1981;vonderMalshkurg andWillshaw, 1977),becausérophicfactorsareonly incorporatednto the
currentframavork assimplebiasegoward specificfinal configurations.

Thedetailsof themodelsdiffer substantiallybut they all highlightthebasicprinciplethatlocal
interactionscansupportthe developmentof globalorder

7.1 General

7.1.1 Willshawandvonder Malshurg

The original startingpoint for the presentmodelwasthe modeldevelopedby Willshaw and
vonderMalshurg in 1976. They developedasimplemodelwith centersurroundateralinteractions
thatdevelopsretinotoy basedon spatiallycorrelatednputs. Their modeldiffersin several crucial
respectdrom the currentmodel: it doesnot encompastayersegregation, it usesabstracinputs,it
usesa hon-linearmodelof LGN receptve fields, andit assumeshatinhibitory lateralinteractions
arepresenin thedLGN.

Thismodelpioneeredxplorationsinto self-oganizingmaps.Thepointof its developmenivas
to formalizeunderstandingef the developmentof topographya problemmadesalientby work on
growth, regenerationandre-oiganizationin theretinotectabrojectionin frogs,goldfish,andchicks
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(seeFawcett,1993for review). Theirwork provided a non-trivial andpowerful demonstratiorthat
local connectiongan bring aboutglobal order While they were not concernedwith segregation
of inputs,themodelprinciplescanbeinterpretedo includesegregationof inputsasa specialcase.
Thatis, segregation of inputsis essentiallythe topographicmappingappropriatefor inputs with

dominantgroupsin the correlationaktructure.

Their model simulatedvisual inputs as clustersof co-actvated RGCs. Becausehey were
randomly placed,the inputs generatedspatially gradedcorrelationsbetweenmodel retinal cells.
While theseinputslack mary of the detailsof retinalwaves,their correlationalstructureis similar
to the correlationalktructureof thewavesin a singlepatchof RGCsin the currentmodel.

Their modelinstantiatesactivity in the tectumas a membraneyotentialthat, abore a given
threshold supportghe generatiorof actionpotentials.Thetectalpotentialsareiteratively updated
with thelateralfeedbackrom the othertectalcellsuntil the actiity settlesto a steadystate,analo-
gousto dLGN updatein the currentmodel. The explicit inclusionof actionpotentialsmakestheir
modelLGN actiity moredirectly interpretablgehanthe currentmodel,unfortunatelyit alsointro-
ducesnon-linearbehaior. This makesthe computatiorof LGN actvity bothmoredemandingand
harderto addressnalytically

To my knowledge,Willshaw andvon derMalshurg werethefirst self-oiganizingmapmodelers
to assumea centersurround(short-rangexcitatory long-rangeanhibitory) neighborhoodunction
in thetectum.Thisneighborhoodunction,in conjunctionwith thethresholdnodelof actiity, tends
to generate“bubble” of actvity aroundtheareaof themapwith thestrongessynapticconnections
from theretinalregionwithin theactity cluster Theformationof only onebubbleperinputpattern
arisesbecauseellsthatreachafiring thresholdfirst (i.e. becaus®f strongsynapticinputs)inhibit
the activation of distantcells in the map throughtheir long-rangeinhibitory connections. This
procesglaysa centralrole in therobustdevelopmeniof globalorder insuringthatonly onepartof
thetectum‘represents’agivenareaof retinaandthattectalneighborgqtectalneuronsn thebubble)
connecto co-actve (i.e.neighboringhreasof theretina.

Becauset supportsrobust convergence,long-rangeinhibition hasbeena standardassump-
tion (eitherexplicit, asin neighborhoodunctions,or implicit, asin activity bubbles)in mostself-
organizingmodels(seeSwindale, 1996for review). Oneof themajorgoalsof thecurrentmodelwas
to explore modelsthatdo notassumeéhe presencef long-rangenhibition duringmaprefinement,
becausehis inhibition is largely absentduring early developmentin the retinogeniculatesystem
(seeSec.3.4.1).

7.1.2 Kohonen

Becausaét is computationallyefficient, corvergesrobustly, andcapturessomeof the essential
dynamicsof self-oganizingprocessed{ohonens self-oganizingfeaturemap (SOFM) algorithm
hasbeenwidely usedin bothneuralmodelsandengineeringpplicationgKohonen,1995).1t is the
mostextensiely usedandanalyzedf the self-oiganizingmapalgorithms.
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The SOFM approach(Kohonen,1993) canbe understoodas an abstractiorof Willshaw and
von der Mahlhburg's model (1976). The SOFM algorithmexplicitly calculateghe outputunit that
recevesthe strongestonnectiondrom the giveninput, generatesin actiity bubble surrounding
thatoutputunit (asanapproximatiorto thebubblethatarisedrom thedynamicsof lateralfeedback),
andthenadjuststhe synapticweightssoasto increasdhe strengthof connectiongrom the neurons
in the activity bubbleto the active inputs. The SOFM algorithmassumes non-localwinnertake-
all mechanismusuallytaken to arisefrom centersurroundlateralinteractionsn the tamgettissue.
This approaclshort-cutghe calculationof the activity bubbleandlow-level Hebbianlearning,and
concentratesn the effective dynamicsin the Willshaw andvon derMalskurg model.

Kohonens modelis more generalthanWillshaw andvon der Malskurg’s modelin the sense
thatit is extensibleto applicationswherea high-dimensionainput spaces collapsedonto a lower
dimensionatepresentationapace— e.g.therepresentationf orientationselectvity, oculardom-
inance,and2-d retinotopy on the 2-d sheetof primaryvisual cortex. This featurelinks the model
closelyto vectorquantizatiorandrelatedengineeringandstatisticalapplicationgseeHaykin, 1994;
Kohonen,1995for review).

Thecorvergenceof thealgorithmto aglobally orderedmapis greatlyincreasedy decreasing
the learningrate over development(often by several ordersof magnitude)and by using a neigh-
borhoodfunction that startsoff very large (often covering the entiretarget map) and shrinksover
development. Sharpnesin the eventualmapis ensuredby shrinking the neighborhoodunction
(i.e. the actvity bubble)down to only one excitatory neuronin the final stages. The shrinking
neighborhoodunctioncanresultfrom the growth of lateralinhibition, which sharpenshe actiity
bubble.Becausdateralinhibition in the LGN increasesverthetime-courseof afferentsegregation
(Sec.3.4.1),this type of inhibition driven sharpeningould complementhe mechanismshatsup-
portthe sharpeningf lateralinteractionsin the presenimodel. Sharpeningn the currentmodelis
supportedy physiologicalchangesn the membraneesponsef LGN relaycells(seeFig. 4.6).

7.2 LGN SpecificModels

Threemodelsof developmenin theretinogeniculatsystemhave beensuggeste@Eglen,1997;
Keesingetal., 1992;LeeandWong,1996). Thesemodelsareall concernedvith detailsspecificto
theretinogeniculatesystemandeachhighlightsdifferentaspect®of the system.

7.2.1 Keesingand Stork

Keesinget. al. (1992)proposedhe first specificmodelof retinogeniculategefinement. Their
modelwasdevelopedsoonafterthefirst reportsof theretinalwaveswerepublishedandtheirmodel
usessimulatedwavesasinputs. In their model,two retinastrips (each1x10 neurons)rojectto a
sheetof LGN tissueseveral neurontall/deep(8x50). The modelassumeso lateralinteractions
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in the LGN — the authorsnotethe lack of lateralinhibition during biological development. Self-
organizationis supportedy axonalsproutingandretraction,similar to the currentmodel.

Givenaninitial biastowardretinotopy andaparticuladayerconfiguratior(i.e. thecontralateral
eye growing in first and penetratingdeeper) the modeldevelopshboth retinotoly andeye-specific
layersagregation. With noinitial biasesthe modelformsalternatingdomainsakinto oculardomi-
nancecolumns ratherthanlayers.Their modelis anelegantdemonstratiorof the power of sprout-
ing andretractionprocesses supportinghe developmentof topology

Thoughthe modelis not analyzedin detalil, it provides an importantdemonstratiorof the
ability of amodelwith minimal assumptiongandwave-like inputsto form two of the moststriking
featuresf theretinogeniculat@rojection:retinotoy andeye-specifidayersegregation. Themodel
doesnotdealwith on/off sublayerformation,nor doesit incorporatantra-dLGN interactions.

7.2.2 Eglen

Eglenswork (1997)providessomein depthexplorationof Keesinget. al. s modelframewnork
aswell asanelegantapplicationof the SOFMalgorithmto theretinogeniculatgrojection.

Modell. Eglensfirst modelis the sameasthatof KeesingandStork’s model.He modelsthe
projectionof two 1-d stripsof RGCsto 8 1-d LGN stripsstacled on top of oneanotherto create
layers/columnsThe modelprojectstwo 1-dimensionafetinasto a 2-dimensionalL GN. Theshape
of theretinalarboralongthedepthof theLGN isimportantin themodelbecausé isinterpretecasa
columnarstructure. For example,Eglenfindsthataxonalsproutingcansupportthe developmentof
repeatedndalignedretinotopicmapsin eachlayerof theLGN. Thisarrangememicely modelsthe
biologicalobserationthatRGCaxonsarborizein columnsin the LGN, or similarly thatarecording
trackperpendiculato the layerswill tendto remaincenterednthe samepointin thevisualfield.

As in KeesingandStork’s model,Eglenassumeshatthereareno directinteractionsbetween
dLGN cellsduringdevelopmentratherthe clusteringof like inputsis accomplishedolelythrough
sproutingandretractionprocessesThe extent of sproutingdecreasesver the courseof develop-
ment,eventuallydisappearing- 2/3 of theway througheachsimulation.

Inputs. OnenotabledifferencebetweerEglens modelandthe currentmodelis thatEglengener
atesngyative within-eye correlationsn his modelbecausédis simulatedwavesarenarrav relative
to the strip size (1:50), and have wave-frontsthat are orientedperpendiculato the retinal strips.
This arrangemengénsureshatRGCsat oppositeendsof aretinal strip arenever co-actve, andasa
resultareneggatively correlated'seeSecs4.3.2and5.5). This featureof theretinalactvity should
make it unrealisticallyhardfor Eglens modelto develop layer segregation. The successfusagre-
gationof layersin spite of thesenegative correlationstestifiesto the strengthof the mechanisms
thatsupportlayer sggregationin the model. This situationis similar to the simulationsof multiple
retinaldomainsin my model(seeSec.5.5).
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Initialization. Eglens modelassumes diffuseinitial projection,wheremeanreceptve field size
is very large early in developmentand then shrinksdown to a localizedspot. Thereare some
versionghatusemorerestrictedetinalarborgnamelyto imposeaningrowth biastowardretinotory
andlayersegregation),but theneuronsarealmostfully connectedtinitialization. Thisassumption
is notjustifiedin the retinogeniculatgrojection(seeSec.3.3.3),but is probablynot necessaryor
convergencein Eglens modelbecausehe sproutingmechanismshatsupportconstantarborwidth
in thecurrentmodelarepresenin Eglens modelaswell.

Weight Update and Normalization The model usespre- and post-synapticnormalizationand
a covarianceupdatingrule wherethe weight updateis proportionalto the actvity levels minusa
constantln theterminologyof the currentmodel,Eglens synapticweightupdateequationis:

5w[my] (&8 (l[m] - Oé) (T[y] - IB) (7-1)

wherethe synapticweightchanggdwy,,;) is the productof thegeniculateactvity minusaconstant
(liz) — @) andthe retinal actvity minusa constant(r;,; — (). In contrastthe Hebbianlearning
rule usedin the currentmodel usesthe simple productof the pre- and post-synaptimormaliza-
tion (Eqg. 4.4) to updatethe synapticweights. Eglenexploresthe effectsof differenttypesof nor
malizationin depth. He investigateghe differentbehaior of the subtractre and multiplicative
normalizationrules,finding thatthe multiplicative normalizationrule supportshothretinotory and
eye-s@ragation most effectively. He alsofinds that normalizingonly over the pre-synaptiacells
resultsin morerobust developmentof retinotofy andlayer segregation, a resultthatis not truein
the currentmodel(seeSec.5.10.2).

In the caseof mostly silentinputs, Eglenfinds that his simulationtendstowardsa homoge-
neousprojectionwherethereis little sharpeningoy input type or receptve field. This tendeng
arisesbecauseduringsilent periods,the covariancerule increasesll the weightsnon-specifically
Eglencounteractghis tendeng by enforcingweight changeonly whenthe pre-synapticactiities
areabove a certainvalue (“active covariance”).Usingthis weightupdaterule the betweereye cor-
relationsare effectively nggative, becausdhe times when both retinasare silent are ignored(see
AppendixD).

Eglenalso exploresmodelsof monocularenucleationin which the treatedeye’s projection
shrinksandthe non-enucleatedye’s projectionexpands. Using only pre-synapticmormalization,
heis ableto achiere compressiorof the sparedeye’s projectionto a smallnumberof dLGN relay
cells, with correspondingexpansionof the sparedeye’s projection. With a relaxed pre-synaptic
normalizatiorrule (similar to the cappechormalizatiorrule usedin my model,Sec.4.3.7),Eglens
modelis ableto simulatecompletedominanceof all dALGN relaycellsby the sparedeye’s afferents.

On/Off Segregation Eglenexplorestheability of his modelto simulatethe segregationof on/of
sublayersaaswell. He simulateghe differentiatecon/of activity duringthethird postnatalveekby
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interpretinghis retinal stripsasalternatingon and off-centerRGCs(an assumptiorthatis closely
analogoudo the useof two patchedn my model). He demonstratethat the modelis capableof
supportingthe segregationof inputsto individual dLGN relay cellsbut notto entiresublayersThe
failure of on/off sublayersegregationis especiallystriking becausehe form of simulatedon/off
wave actvity providesanunrealisticbhiastoward on/of afferentsegregation. In Eglens modelthe
off-cell firing ratesareassumedo increaseéhroughtheintroductionof off-RGC specificwavesin-
steadof off-RGC specificnoise,asin thecurrentmodel. Consequentlythe off-off RGCcorrelations
in the modelstay unrealisticallyhigh. This high correlationshouldprovide strongsupportto the
clusteringof off-RGC afferentsandsublayerformationrelative to the noisy off-RGC inputsusedin
thecurrentmodel.

In order for his modelto supportthe emegenceof on/of specificcells, the on/of inputs
mustbe nggatively correlatedwhich, asEglennotes,is not true of the obsered waves,Wongand
Oakley, 1996).With lessnegatively correlatedon/of actiity (in fact,theon/of cellsarepositively
correlatedFig. 4.5) the modeldoesnot supportthe emegenceof on/off specificcells. Noting that
realisticon/off actiity doessupporttheemegenceof on/off specificcellsin a previousmodel(see
Sec.7.2.3),Eglensuggestshatthis failure might be specificallycausedy the useof the covariance
rule, but hedoesnot provide a moredetailedanalysis.

Eglenidentifiesseveralpotentialreasonshaton/of segregationis notrobustly supportedn his
model. A likely influenceis thathe doesnot biasthe on or off-cells to projectto a certainsublayer
Biasesarefoundto be necessaryo layer segregationin his modelandarefoundto help support
on/off sublayersggregationin my model(seeSec.5.8). Eglenalsonotesthatthereis no significant
developmentof on/of specificityin individual cells until sproutinghasceased~D55). This fact
makessublayersegregationdifficult if notimpossibleto achiese in his model,becausg¢hereis no
meansby which post-synapticells of like type (i.e. on or off-centerresponsie) would tendto
clusterin layers. Eglen suggestghat sproutingmay underminedLGN cell specificity becausat
tendsto reinforcethe pre-synapticell’s synapticweightsto post-synapticellsirrespectre of their
on or off-centerresponsiity. Anotherpossiblefactoris that Eglenusesunscaledweight update
andmultiplicative normalization.Undertheseconditionshis modelprojectionwill nottendnotto
sharpenMiller andMacKay, 1994). This tendeng might help explain why the post-synapticells
in hismodelareonly ableto sharpertheir on/off specificityaftertheblurringinfluenceof sprouting
is removed. However, bothnon-specificsproutingandthetendeng toward diffuseprojectionsalso
applyto eye-specificsggregationwhichis robustly supportedy the model(evenwithout the useof
biases) Sothereareprobablyotherinfluenceghathasent beenconsidered.

Relevanceto Curr entModel.  Althoughtherearesomeunresoleddiscrepanciebetweerthetwo
models Eglens simulationresultscanprovide someinsightinto theimportantaspect®f thecurrent
model. Eglens model,like the original Keesingand Stork model, highlightsthefactthat sprouting
andretractionprocessesupportthe developmentof retinotofy andeye-specificlayer segregation
independenof othermechanismsTheseresultsaddweightto the conclusionthatthe intra-dLGN
spreadf excitationin my modelis atleastpartially redundantvith sprouting(Sec.5.6.2).
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Thereare several discrepanciebetweenthe behaior of the two modelsthat help to high-
light the differentmechanismandassumptionin the two models.Wherea€glenfindsthat post-
synapticnormalizationis redundantvith pre-synapticormalizationjn the currentmodelbothpre-
and post-synapticmormalizationare necessarySec.5.10). This differencebetweenthe behaior
of the two modelsis dueto the differencein their learningrules,andin their inputs. The covari-
ancerule canindependentlyprovide somepost-synapticmormalization,especiallyin the presence
of mexicanhatspatialcorrelationsamongtheinputs,like thosepresenin Eglens model(Fig. 5.8,
Eglen,1997).

Thepost-synapticiormalizationtendenyg of thecovariancerule evenwith uncorrelatednputs
is illustratedin Figs. 7.1 and 7.2. Assumingthat the projectionsstartoff with a maximally con-
centratedpathological” projection,theseexamplesexplore the ability of the projectionto develop
toward a more distributed/normalizd state. Fig. 7.1 demonstratethat a projectionin which the
synapticweightsareconcentratedh a singlepre-synapticell will remainconcentratedh thatcell
in the absencef pre-synaptimormalization.On the otherhand,Fig. 7.2 shawvs that a projection
in which all the synapticweightsareconcentrateih a singlepost-synapticell will tendto spread
synapticweight to the other post-synapticcells, even in the absencenf post-synapticormaliza-
tion. Thecovariancerule implicitly providesanormalizationmechanismhatis partially redundant
with post-synapticmormalization(seeMiller, 1996 for discussiorof the normalizationeffects of
the covariancerule). This featureof the covariancerule explainswhy Eglenwasableto eliminate
post-synaptimormalizationin his modelwith no ill-effects. In contrast,the productrule usedin
the currentmodel hasno mechanisnfor decreasinga synapticweight asidefrom normalization
inducedsynapticcompetition.As aresultthe productrule is not robustto the absencef eitherpre
or post-synapticmiormalization(seeSec.5.10andSec.4.3.7).

Eglenalsofinds that subtractie normalizationdoesnot supportthe developmentof smooth
retinotoyy, but it canin the currentmodel(seeSec.6.2.1andFig. 6.1). Mechanismsn the current
modellike theasymmetridateralweightsandsproutingandperhapghe detailsof the wavescould
contrikute to thesediscrepanciem our results.

The failure of Eglens modelto supporton/off cell andsublayersegregationalsocould have
multiple causes. Given that asymmetriesn sproutingand lateralintra-dLGN influenceare cru-
cial to sublayersayregationin the currentmodel (seeSec.5.9 and Fig. 5.13), the lack of similar
asymmetriesn Eglens modelcanhelp explain the failure of his modelto supporton/of sublayer
sayregation. As suggestedby Eglen,the lack of a biastoward sublayersegregationcanalsohelp
explainthemodels failureto form sublayersResults§rom the currentmodelsuggesthatbiasesdo
helpsupportsublayerseggregation(Sec.5.8).

The ability of Eglens modelto form eye-specificlayerswithout asymmetricsproutingcon-
trastswith the failure of my modelto develop eye-specificlayersunderthe sameconditions(see
Sec.5.9andFig. 5.13). Thesourceof thisdiscrepang is notclearto me. It is possiblethatdifferent
instantiationsof sproutingandlayersin the two modelsis responsibldor the discrepang in the
results.Sprouting(the “growth rule”) is instantiatedn Eglens modelby increasinga givenweight
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Figure7.1: In conjunctionwith the covariancerule, post-synaptinormalizationcannotensurethat a projectionwill
not concentratall its strengthin oneinput cell. The 2x2 grids (C-D) are weight matriceswith an analogousormat
usedfor the resultsin this paper(seeFig. 5.2A). The entriesdescribethe changein that synapticweight, where“+”
denotesincrease,' —" denotesdecreaseand “0” denotesno change. The calculationof thesechangesassumeghat
a post-synapticcell will be active if it receizes a connectionfrom an active pre-synapticcell, and inactive otherwise.
(A) An initial projectionwith the synapticweightsconcentratedn oneinput cell, (B) The four possible(binary) input
activities wherel meangheinput cell is active and0 meanst is inactive, (C) Theweightchangecauseddy eachinput
patternunderthe covariancerule, (D) Theeffective weightchangeafter post-synaptieiormalizationis enforced(E) The
updatedorojectionin which all of the synapticweightremainsconcentrateéh oneinputcell. Notethat(E) assumeshat
theinitial weightsarepinnedattheir extremelimits, sothata synapticweightchangean the directionof thelimit hasno
effect, while a synapticweightchangeaway from thelimit doeshave aneffect.
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Figure7.2: In conjunctionwith the covariancerule, pre-synaptimormalizationcanensurethat a projectionwill not

concentratall its strengthin oneoutputcell. The 2x2 grids (C-D) areweight matriceswith an analogoudormat used
for theresultsin this paper(seeFig. 5.2A). The entriesdescribethe changen that synapticweight, where“+” denotes
increase,'—" denotesdecreaseand “0” denotesno change. The calculationof thesechangesassumeghat a post-
synapticcell will be active if it recevesa connectionfrom an active pre-synapticcell, andinactive otherwise. (A) An

initial projectionwith the synapticweightsconcentrateih oneoutputcell, (B) Thefour possible(binary)inputactiities

wherel meansthe input cell is active and0 meansit is inactive, (C) The weight changecausedy eachinput pattern
underthe covariancerule, (D) Theeffective weightchangeafter pre-synaptimormalizationis enforced(E) The updated
projectionin theinitially isolatedpost-synapticell recevessomeinputs. Note that (E) assumeshattheinitial weights
are pinnedat their extremelimits, so thata synapticweight changein the direction of the limit hasno effect, while a

synapticweightchangeaway from thelimit doeshave aneffect. Underthis assumptionthetwo casesvhereoneinputis

active andthe otheris notwill tendto increasehe zeroweights,but will notincreasehe pre-«isting weights.



CHAPTERY. PREVIOUSMODELS 96

by the scaledandsummedweightof 4-15 of its nearesheighbors.This processs executedprob-
abilistically on 1% of theiterations.The probabilisticnatureof the sproutingprocessaswell asits
limited extentmaydiscouragehereplicationof RGCaxonalarborsin adjacensublayersaisseenn
my model(Fig. 5.13).

Modelll: SOFM. Eglendevelopeda secondmodelthatis an eleggantdemonstratiorof the
possibleémportanceof the shapeof thedLGN onlayerformation. This modelusesa SOFMmodel
thatmapsocularity andretinotofy ontoa 3 dimensionablock of dLGN relaycells. The approach
is to modelthe responseof dLGN relay cells to abstractinput features(i.e. ocularity and RGC
position)ratherthanto actualinputs(i.e. vectorsof actvationsacrosgopulationsof RGCs).Eglen
finds that the organizationof the projectionto the block is determinedby the dimensionsof the
blockin conjunctionwith the varianceof the ocularityandretinotoy features.Thelowestvariance
feature(i.e. ocularity)will tendto organizealongtheshortestxis,while high variancefeatureqi.e.
retinotopy) will tendto organizedalongthe longestaxis. In someregionsof the parametespace,
this modelproducesesultsthatcloselymatchfeaturesof the obsered structures.

This approachis clever andparsimoniousasit canform layersandretinotopicmapswith no
initial bias,andusesthe shapeof the LGN itself to help shapetheretinogeniculatgrojection. The
major disadwantageof this approachs thatthe modelis harderto maponto the biological system
thanlessabstracmodels(lik e his first modelandthe currentmodel).

7.2.3 LeeandWong

Lee and Wong (1996) have developeda simple model that demonstrateshat, undersome
conditions,the actvity presenuring on/off sublayersegregationcansupportthe developmentof
on or off- selectvity in a single post-synapticcell. The modelis initialized with a single post-
synapticcell receving inputsfrom a groupof on andoff-centerRGCs. The RGC actvity patterns
aremodeledon thein vitro recordinggandthe computedspatialcorrelations)of the spontaneous
actiity in the retinaduring on/of segregation. The synapsesre thenupdatedwith a variant of
the covariancerule, in which the raw post-synapticactiity is used(dw, o« I(ry — 6,)). They
find that the post-synapticell candevelop eitheron or off selectvity, dependingon the specific
parametexf,) usedin the weight updateequation(Miller, 1997a). This modelwasanimportant
demonstratiorthat the correlationshetweenRGCsduring on/off sublayersegregationarecapable
of supportingspecificityof connectiongo individual post-synapticells.

Comparisorof LeeandWong’s Ruleto a CovarianceRule  Thisresultis aninterestingcon-
trastto Eglens finding that, in therealisticcaseof positive correlationsbetweernon andoff-center
cells, his covariancerule did not robustly supportspecificity of connectiity to individual post-
synapticneurons. The differencesbetweenthe Lee and Wong’s rule andthe covariancerule are
probablythe causeof thesediscrepancies.
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The covariancerule andLee andWong’s rule aremostdifferentin the way they treatperiods
whenthepost-synapticellis silent. In LeeandWong's rule thereis no synapticchangen this case,
in the covariancerule thereis oftenstrongpositive synapticchangg(i.e. whenthe pre-synapticell
is silentaswell). Becauseéhe RGCsaresilentfor the vastmajority of the time duringthis period,
refinementunderthe covariancerule tendsto be swampedby non-specifioveight growth — pre-
ventingspecificityof connectionsln contrastLeeandWong’s rule essentiallyignoresilentperiods
andthusrefineunderthe influenceof inputsthat are effectively anti-correlatedseeAppendixD).
The importanceof discountingthe silent periodsis highlightedby Eglens finding that an “active
covariance”rule (which ignoresall instancesvherethe input actvity is belov a given threshold)
improveshis models convergenceto specificityin dLGN cell connectiity.



Chapter 8

Discussion

8.1 Biological Value of the Model

Theretinogeniculatgrojectionis anideal systemfor studyingactiity-dependenneuralde-
velopment.As the primaryvisual pathway to the corte, it is well-studied,andit developscomple
stereotypicaktructuresunderthe influenceof striking spontaneousctvity. Becauseour knowl-
edgeof thesystemis highly detailed,a modelcanbe highly constrainedndcanmake stepstoward
exploring the hierarchyof candidatanechanism$or supportingactiity-dependentefinement.

This is the first model of theretinogeniculatesystemto capturethe actvity-dependentevel-
opmentof eye-specifidayers,on/off sublayersandretinotopicrefinemenin a unified framework.
The modelis both biologically interpretableand analytically tractable. It usesrealisticretinal ac-
tivity and biologically motivated and detailedassumptiongboutthe mechanismghat might be
responsible.In addition, the modeldetailsare closely matchedto anatomical physiological,and
biophysicalobsenationsof theretinogeniculatsystemandits development.Thisfidelity to biolog-
ical detail,in combinationwith the phrasingof themodelin termsof concretespatialandtemporal
scalesmake the model biologically interpretableand predictive. The analyticwork presentedn
this thesisaddspower to the modelas an exploratorytool. For example,the dLGN updatecan
be understoodn termsof imageprocessingagndmembranéiophysics andusingeigenmodenal-
ysis the developmentaldynamicscan be partially explored without resortingto computationally
intensve simulations.Hopefully, the modelwill provide aframeawork for developingandexploring
intuitions aboutactvity-dependentefinementn this systemaswell asmaking predictionsabout
futureexperiments.

Of courseactvity-dependentefinements notlimited to theretinogeniculatgrojection.How-
ever, becausat is relatvely well constrainedthe retinogeniculatgrojectioncanprovide a means
to understandhe interactionsbetweenactvity-dependenmechanismsandin combinationwith
detailedmodels,canhelp establishthe appropriatescaleof someof the genericmechanismsup-
portingactiity-dependentefinement.

98
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8.2 Activity-DependentDevelopmental Strategies

Retinogeniculatdevelopmentanalsoprovide someinsightinto generatevelopmentaktrate-
gies,helpingto broaderourunderstandingf learningandits rolein development.Statedn psycho-
logical terms,mostlearningpresumabhhappengluring experiencewith theworld, andis learning
“about” theworld throughthe sensorysystemsTheactvity-dependenthangen earlyretinogenic-
ulatedevelopments alsothroughsensorychannelsandlik ely takesadwantageof someof thesame
biophysicaimechanismef synapticchangeausedin experientiallearning(e.g.LTP).

The intriguing aspeciof this systemis thatthe “sensory”input is generatedy the organism
itself, ratherthanthe ervironment.Becausdhe amountof geneticallycodedinformationneededo
generataheretinalwavesis probablylessthanthatneededo specifythe exactsynapticwiring of
the retinogeniculatgrojection,the organismcan more efficiently generatereciseneuralcircuits
with relatively economicakpontaneouactvity andsomestocklearningmechanismsBy generat-
ing actiity, the organismonly hasto explicitly specifycoarsdeaturesof the projection.

This developmentaktratgy appearso bequitegeneral. Thegeneratiorof spontaneousetinal
actvity in earlydevelopmenis commornto vertebrate¢SernagoandGrzywacz,1996).1n addition,
thefindingsof spatiotemporallypatternedspontaneouactivity in theauditorysystem(Lippe, 1994)
andthesomatosensorgystem(O’Donovan,1994)suggesthatthis stratgy maybeusedn different
sensorysystemgCookandBecker, 1990).

8.2.1 ConstainedExperience

Perhapsour understandingf learningcan also help broadenour understandingf actity-
dependentlevelopment. Developmentatheoristshave postulatedhat the sequencef experience
is crucialto the successfulearningof complex domains.Surprisingly limitationscanplay a crucial
rolein providing appropriatesequencesneaninghata periodof highly limited immaturefunction-
ingin earlylife canbenecessaryo achiering competencén anadult. Theimportanceof limitations
hasbeencalledthe“Lessis More” (Newport, 1990)andthe“StartingSmall” (Elman,1993)princi-
ple. Thevalidity of this principle hasbeendemonstratedomputationallyin the contet of language
learning(Newport, 1990;Goldovsky andNewport, 1993;EIman,1993).

Thetrick is that,in somesituations limitations cansimplify a domainwhile still preserving
someuseful elementsof the full complex domain— essentiallyperformingtask decomposition.
This decompositiorcanmake a complex tasktractablebecaus@achsubtasks relatively easy and
oncemasteredgontritutesto learningandmasteringhe completetask. This principlealsoapplies
to a sequenceof graduallylesseninglimitations. Like a good teacher a sequencef gradually
lessenindimitations cantailor the complity of the taskto the competencef the learner For
example,Turkewitz andKenry (1982)suggesthattheprogrammati@andstaggerednseof sensory
function (cutaneousyestitular, olfactory auditory thenvisual) could sene to supportsuccessful
sensoryintegration. Theirideais thatthe sensationgive agraduallyincreasindevel of acuity such
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thatexperiences coarsegrainedat first andfinely detailedonly later In termsof the cat’s visual
developmentthey suggesthatdelayedandgradualeye-openingthepooracuity andthelack of the
ability to focusat differentdistanceseenin the nevborn could sene to highlight outlines,shapes
andcanonicalobjectsizes.As vision develops,moredetailedinformationaboutform andinternal
detailsareslowly integratedinto the simpleinitial experientialframevork.

An interestingthoughtexperimentis to pushthis sequencevenearlierin developmentwhen,
presumablyeven more simplified experienceis optimal for learning. The newborn kitten’s pho-
toreceptorarefunctionalby D70, but the kitten doesnt openits eyesuntil ~D75. Giventhatlight
penetrateshe lids of the eyes(seeSec.3.3.7),somepatterninformationreacheghe retinaduring
this period. Of coursethe patternmightbe no morethanonesideof theretinareceving morelight
thanthe otherside(i.e. whena body partially occludesa light source): Evena patternthis simple
carriesinformationaboutfuture visual experiencebecauseellsin the samepart of thetwo retinas
will tendto be co-active whenexposedo suchpatternsasthey will in maturevisualexperienceln
addition,motionin theworld will causeshifting shadavs to be caston bothretinasin mannerpar
allel with visual experienceafter eye opening. Perhapghis highly filtered early experiencebuilds
a setof circuits/competenciethatareusefulfor parsingandusingmoredetailedvisual experience
laterin life.

8.2.2 Self-InducedExperience

Following the “Starting Small” principle, actiity thatis even more simple thanfiltered ex-
periencecould play a usefulrole. In somecasessuchsimplified activity canbe producedsponta-
neously For example,evenmorebasicthanthe“lesson” of co-actvity betweertheeyes,is thefact
thatnearbycellsin a givenretinawill tendto be co-actve duringvisual experience While experi-
encewith theworld doesnot produceactvity this simple(in isolationfrom co-actvity in the other
eye), the spontaneouwsvave actiity discussedn this thesisdoesexposethe organismto this spa-
tiotemporallycorrelateccharacteristiof visualexperience Thespontaneouactivity canbeseeras
extendingthe programmaticsequencef experiencebackinto pre-eperientialdevelopment.n this
view, intrinsically generatedactivity capturessomeextremely basicfeaturesof visual experience
andessentiallyprimesthe visual systemnfor the experienceto come.

Viewedfrom this perspectie, the wavesmay have influencewell beyondthe segregationand
topographicrganizationof retinalafferents.Heightenedattentionto motion hasbeendocumented
in humaninfants(NelsonandHorowitz, 1987; Burnham,1987;Haith, 1966) andprobablysenes
to focusthe newborn on animateobjectsand social interactions. Sucha biastowardsmovement
could be supportedoy pre-visualexperiencewith “moving” wave stimuli. To the extentthatsuch
an attentionabiastoward moving objectswassupportedy wave actvity, it would presumablbe
tunedto the sizeandspeedf thewaves. If thisreasonings correct,thena specificandpredictable

1The readercansimply passtheir handspasttheir closedeyeswhile facinga bright sceneor a light sourceto geta
roughsenseof visualinput throughthe eyelids.
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attentionalbiastoward certaintypesof motion would be presentin ferretsand catsat the time of
eye-opening. To my knowledge, an attentionalbias toward motion hasnot beeninvestigatedn
neonataferretsor cats.

8.3 Unaddressedssues

The domainof this modelis highly restricted,consequentlyt ignoressomepotentialinflu-
enceson retinogeniculatalevelopment. The following sectiondiscussesomeimportantfeatures
of biologicaldevelopmentthatarenot explicitly modeled andwhich shouldbetakeninto account
wheninterpretingthe model. This discussiorcanalsobe readasan outline of someusefulfuture
directionsin which to expandthe model.

8.3.1 Feedbak Circuits

The currentmodeldoesnot incorporateary feedbackconnectiongo the dLGN. Only 10% of
thesynapse thedLGN areretinalin origin, suggestinghatactvity in thedLGN is highly modu-
latedby feedbackconnectionsandextra-retinalinputs(seeSec.2.3.4).For example,corticalinputs
andRNT/PGNinputsform feed-backoopswith dLGN relaycellsthatstronglyshapematuregenic-
ulateresponsiity. Therearereasongo believe thatthesefeedbacKoopshave a greatlyattenuated
influenceduring early development(Sec.3.4.1),but they probablydo play somerole. Further the
feedbackoopsthemseles might undego significantactvity-dependentievelopmentduring this
period. The modelalsongylectsothersub-corticalareaghat sendafferentsto andreceve afferents
from thedLGN. Thesenteractionanaybeimportantlyinvolvedin early geniculatgunctioning.

8.3.2 Activity-Dependenintra-dLGNDevelopment

It is possible,andevenlikely thatintra-dLGN connectiity is influencedby actity, but this
dependengcis outsidethe scopeof this model. Othermodelshave investigatedhe simultaneous
developmentof feed-forward connectiity and lateralinfluence(Siroshand Miikkulainen, 1993;
SiroshandMiikkulainen, 1994;SiroshandMiikkulainen, 1996),thoughnot explicitly in thedLGN.
Thesemodelshave foundthatco-developmentof thelateralconnectionsanbring aboutstereotyp-
ical lateralinteractionfunctions,andcansimulatesomedetailsof lateralconnectiity in thecortex.

8.3.3 HebbianSynapticChang andLTP

Thereis little referenceo the linkagesbetweenHebbianlearningand LTP in this thesisbe-
causethereis a mismatchbetweertheinvestigationsof LTP thatare possibleat this point andthe
type of datathatcould directly inform modeldetails. PresumablyL TP in the developingdLGN is
betterdescribedaseitherscaledor unscaledy the previousweight,andknowing which versionof
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weightupdatewasmoreaccuratevould adda valuableconstrainto the model. Unfortunately the
dataon LTPis notwell suitedto answeringhis typeof question(DanMadison,personatommuni-
cation).In orderto definitively differentiatebetweerscaledandunscaledHebbianlearning,datais

neededntemporalscalesof weeksandspatialscalesof hundredsor thousandef neuronsTheex-

perimentdo datethatinvestigate_ TP concentrat@n temporalscalef minutesto daysandspatial
scaleof afew neurons At thesescales. TP is dominatedby the saturatiorof synapticpotentiation
(presumablybecauséhereis neitherthetime nor theresourceso activate“dormant” synapsesand
build new synapses)Hopefully, asthe dataon LTP becomesnoreclearandmorerelevantto the
issuesin this model,empiricalobserationswill helpto directly constrainour assumptionsibout
Hebbiansynapticchange.

8.3.4 Activity-Independerftactors

The modelassume®nly the mostsimpletypesof trophic andmechanicainfluences.These
actvity-independen factorsmight be quite influential in the initial setupand refinementof the
retinogeniculat@rojection but they aredown-playedin thecurrentmodel. While the currentmodel
doesdemonstratéow powerful actvity-dependeninechanismsanbe,it doesnotaddressiow the
two typesof factorsmight dynamicallyinteractover the courseof development.

8.3.5 Visual Experience

The developmentof the retinogeniculatgrojectioncontinueswell after the early post-natal
periodthatis the focus of the model. For purposesof simplicity, this modelassumeghat layer
alignmentanddendriticandaxonaldevelopmenthave developedto a stablestatebeforeeye open-
ing. However, theseassumptiongrenot entirely accurate.For example,X- andY-RGCsundego
significantpost-visuakrefinemeni{Sec.3.3.4),andthe alignmentof the topographianapsbetween
layersandeyes(Sec.3.3.9)is probablyat leastpartially dependenbn patternsof visual actwvity.
The modelcould be extendedto post-visualdevelopmentby addinga more extendedanddetailed
time-courseof theretinalactvity andperhapsnoredetailedandvariegatedRGCtypesandactivity
patterns.

8.3.6 Scalelssues

Although it was demonstratedhat the mechanismsn the model can potentially deal with
multiple retinal domains(Sec.5.5), and the model was simulatedat two scalesthe scaleof the
modelis ~4 ordersof magnitudesmallerthanthe actualretinogeniculatgrojection. This reduced
scalepreventsthe modelfrom capturingthe dynamicsof a large retinal surfacewith mary transient
subdomainsA largerscalemodelcouldusemoreof the biologicalobsenationsavailableto further
constrainthe characteristicef theretinalactvity, andperhapghe othermodelparameteraswell.
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8.4 Proposedexperiments

Thereare somedirect predictionsof the modelthat are,to my knowledge, untested. Other
predictionscould be madefrom the model behaior, but theseare the predictionsthat are most
robustacrosgparametedomains.

8.4.1 Point Spread

The model makes some strong predictionsaboutasymmetryand the developmentaltime-
courseof point-spreadn thedLGN. In orderfor layersegregationto developproperlyin themodel,
the interlayer physiologicalinteractionsmustbe muchwealer thanthe intra-layerinteractionsin
thedLGN (Sec5.9). Themodelpredictsthatthe spreadf excitationshouldbewiderwithin alayer
thanbetweerlayers.To testthis predictiononecouldexcite adLGN cell with anintracellularelec-
trodewhile simultaneouslyecordingfrom otherdLGN cells at variousdistanceswithin the same
layerandacrosdayersandsublayers Failureto find this stronglyasymmetricspreadof excitation
would suggesthat additionalmechanismge.g. a strongerbiasin initial ingrowth and/ortrophic
factors)contrilute moresubstantiallyto layer segregationthanthis modelassumesNotethatthese
predictionsare not necessarilyanatomical pecausenly the effective physiology(actiity spread)
supporteddy thecircuitry is important.

8.4.2 RelayCell Physiolay

Thebiophysicainterpretatiorof themodelmakessomeinterestingpredictionsaboutimmature
dLGN physiology It predictsthatinhibitory andexcitatory conductances the developingdLGN
will be linked in a push-pullrelationship. Thatis, asthe excitatory conductancecrease the
inhibitory conductanceshoulddecreasgSec.4.3.4). The model also predictsa 50% increase
in dLGN whole cell capacitancever the courseof development. Thesefeaturesof dLGN cell
physiology could be measuredvia intra-cellularrecordingtechniqgueg Ramoaand McCormick,
1994a;RamoaandMcCormick, 1994b)duringthefirst few post-natalveeksin orderto determine
thedynamicsof conductancehangeandthetime-courseof whole cell capacitance.

8.4.3 DifferentiationBetweerOff-Cellsand On-Cells

Themodelalsosuggestshatthe off-centerRGC axonalarborswill have somecharacteristics
thatdifferentiatethemfrom the on-centeRGCaxonalarborsaroundthetime of eye-opening.They
will tendto be morefocally arborized and,assuminghatnormalizationis someavhatflexible, they
will tendto have moresynapticweight (Sec.5.10.3)thanthe on-centelRGCs. Thesedifferences
resultfrom thepronouncedlifferencesn theonandoff-centerRGCfiring ratesduringthe periodof
on/off sublayersegregation. Thesefeaturesf axonalarborizationcouldbeinvestigatedhroughan-
terogradestainingandtracingof the on- andoff-centerRGCs,andperhapghroughthe comparison
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of previously extractedaxonalarbors(for example,Mastronardel1992;Dalvaetal., 1994;Sretaan
andShatz,1984;SretoanandShatz,1987).

8.5 Conclusion

Neuraldevelopments a comple, robustandpowerful process.The neuralcircuitry develops
with whatseemgo be awoefully inadequat@mountof geneticinformationavailableto determine
its structure. Theretinogeniculatsystenprovidesawindow into thefeaturef neuraldevelopment
thatmale thisfeatpossible andthismodelhelpsto characterizéhecrucialmechanismsHopefully,
thiswork will provide ausefulframewnork organizingsomeof the broadrangeof investigationsnto
the developmentof this systemandneuraldevelopmenin general.



Appendix A

LGN Update and Regularization

This appendixexplains the relationsbetweenthe equationusedfor dLGN actiity updatein the
currentmodel(Eq. 4.2),andtheimageprocessin@pproactknowvn asregularization(Poggioetal.,
1985; Blake andZisserman,1987; Black and Rangarajan1996). Regularizationessentiallyblurs
animageso asto denoiseit andinterpolatemissinginput values. A commonimplementatiorof
regularization,is expressedelawv (for the 1-d case).

@+1) _ 1 (i) ()

Wherel[(;fl) is theimagevalueat positionz andtime i + 1, u,; is the original imagevaluei.e.
input) at positionz, and A is a spaceconstanthatdetermineshe amountof blurring performedby
theregularization.This equations iteratively applieduntil theimagereaches steadystate.

Thechangean imagevalueat pointx andtime is,

(i+1) (i)
Substitutingeq. A.1 for lfﬁrl) yields a versionof the updateequationthat is independenof the
specifictime 4.

81 1
2] _
5t m(um + Nig—1] + Mg+1]) — ) (A-3)

This equationcanbe restatedn a form thatassumes constaninfluenceof the nearesneighbors
liz—1yandlf; 1 (i.e. they arenotscaledby A):

ol A 1
[z] _
5t 1+2>\(Xu[z]+l[w—1]+l[$+1])_l[;c] (A.4)
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In this formulation, a large A (e.g. A = 20 versusA = 1) tendsto decreasehe influenceof
the original imagerelative to the influenceof neighbors.andtendsto increasethe strengthof the
positie blurring processelative to the negatie stabilizationtermi,).

InterpretingthedLGN activationsastheimagevaluesu(;) asthesynapticallyweightedretinal
input to the dLGN andaddinga further scalingfactorof v/ to this input (in orderto generatehe
properscalingof dLGN responsiity over developmentSec.4.3.4),makesthis equationequivalent
to thedLGN updateequation.

(5l[$] A 1
TRy LSy ;W[wy]r[y] + 2 ) — Iy (A.5)

zen

wheren includesthe nearesneighborsof cell .

Fortunately thereis a naturalway to handleboundariesn the framework of regularization.

Theterm 55 canbegeneralizedo T (#ofneighborsh- Theunequakontrikution of interlayer

andsublayemeighborsecessitatethe additionof a scalefactoraswell.

Thegeneraform of thedLGN updateequationis

- = i) — I A6
5 TH Sy S /3 2 Vel + 2 Selia) ~ s (A6)

TEM

whereS§; is theinteractionstrengthfrom the neighboringneuron.S; = 1 in the caseof intra-layer
neighborsand S, = theinterlayer or inter-sublayerinteractionstrengthin the caseof neighborsan
differentsublayers.



Appendix B

LGN Update and the Membrane Equation

This appendixdescribeghe relationsbetweerthe dLGN updateequationandthe membranequa-
tion. Thegoalis to establisranalgebraiaelationshipbetweerthedLGN updateandthemembrane
equationandto derve expressiongor the conductances the membraneequationin termsof the

retinalandgeniculateactvities andthe blurring parametep.

ThedLGN updateequation(Eq.4.2)is,

5l[$] A 1
droppingthescalefactor% amplifiesthedLGN responseandyieldsthe equation,
0l A
5t = TF2x (u[m} + ln) — l[m] (B.2)
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U] Activity of dLGN cell z

Iy > zen l[z), Wheren includesthe nearesheighbors

Activity of RGCy

Wiy Synapticweightfrom RGCy to dLGN cell

U] Doy Wy Ty theeffective retinalinputto dLGN cell z
Learningrate

C MembraneCapacitance

g Leakconductance

Je Excitatorysynapticconductance
gi Inhibitory synapticconductance

E, Excitatorypotential
E; Inhibitory potential

TableB.1: Thesymboltablefor thetermsusedin this appendix.

Themembranequation(Eq. 4.3)is,

ol ]

CW = _(gll[z] + ge(l[w] - Ee) + gz(l[z] - Ez))
= geEe+ giEi — (g1 + ge + gz)l[w]
o) 9ePe+ 9iBi — (91 + ge + 9i)1a]
ot C

By assuminghefollowing equalities:

142X
¢ = A
_ U[q] + ln
ge - Ee
' (91 + ge — C)l[m}
Gi E; — l[ac]

ThedLGN updateequation(without \/LX) andthe membranequationcanbe equated.

geEe + giEi - (gl + ge + gz)l[w] . 1

C C

(u[m} + ln) — l[m] (B.3)
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Theequalitiesabove suggestshatg, andg; arein apush-pullrelationshipwhereincreasesn
ge areoffsetby correspondinglecreases g;, andthe exactdynamicsareinfluencedby g; andthe
blurring factor\.

B.1 Derivation

Eq.B.3 canberestateds:

9ePe + giEi — (g1 + ge + 9i)ljz) = (ug) + 1) — Clig (B.4)

Collectingtermsfrom

gele + giEj = Ulg] + ln+ (91 + ge +9i — C)l[w] (B.5)

By assuminghat,
gib; = (gl +ge+ Gi — C)l[z] (B.6)

Eq.B.5 canbesimplifiedto:
geEe = U] + l?]

U[g] + lﬂ
E,

whichyieldsanexpressiorfor the excitatoryconductancghatreliesonly ontheinputactiities and
theactvities of the neighboringdLGN cells.

Eq.B.6 canbesimplifiedto yield anexpressiorfor theinhibitory conductance.

9iBi — gl = (91+ ge — Oy
9i(Ei —liz) = (q1+9e— Oy
o (91 + ge — C)l[cc]

e

AssumingFE; = 0 theequationsimplifiesto:
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g =



Appendix C

EigenmodeAnalysis

C.1 Translation into Matrix Notation

This sectionfirst expresseshe weightupdatein termsof the input actiities andthe spreadof
actwity in theLGN. In orderto do so,it will prove usefulto expressthe modelin matrix notation.

The LGN updateequation,

S A1
TRy oy gw[mr[lew—lm (C.1)

zen

canbeexpressednorecompactlyandintuitively in matrix notation.By assuminghatthe constant
scalefactorg(i.e. thosefactorsthatinclude)) areincludedin W andV, andlikewisethediagonalof
V incorporateghelastterm (i.e. the self-inhibition/le& term),this equationcanbewritten simply
in matrix notation.

51
5= Wr+Vl (C.2)
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U] Activity of LGN cell z

T(y] Activity of RGCy

Wiz, Synapticweightfrom RGCy to LGN cell z
learningrate

1 Vectorof dLGN actvities

r Vectorof retinalactvities

A% Matrix of synapticweights,whereW yy1 = wig,

A% Matrix of intra-LGN interactionweights,whereV , is the
interactionstrengthbetween_GN cell z' andLGN cell z,
Vixx] = 0if z & 7y

C Expectectross-producdf vectorof retinalactvities (r r')
whereCr,y1 = (yy'), themeanproductof theactwities
of RGCy' andRGCy.

A A linearoperatotthatincorporateshe actionsof
V, C andthe subtractie normalizatiorrule on W.

TableC.1: A symboltablefor thetermsusedin this appendix.

ThesteadystateL GN potentialscanbe found by settingtheir changesqualto 0.

0 = Wr+Vl
-V = Wr
1 = (-VHwr

Theweightupdateequationfrom the subtractre versionof themodel:

OWay) = i) Tiy) (C.3)

cansimilarly be expressedn matrix notation.

SW = h1r' (C.4)

wherelr’ is the cross-producbetweerthe geniculateandretinal activity vectors. Substitutingthe
steadystateLGN potentialsyields,

W =h(-V 1) Wrr' (C.5)
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C.2 Correlation Formalism

The first steptoward the eigenmodeanalysisis to make the assumptionthat the synaptic
weightschangevery slowly relative to the retinal inputs. Under this assumptiorwe can move
from theformulationthatexplicitly depend®n theindividual inputs,to aformulationthatdepends
on the expectedcross-producsdf theinputs(r r') — thematrix C.

TakingEg. C.5,ignoringthe steplearningrate(becauseve arenolongerdealingwith individ-
ual time-steps)and substitutingthe expectedproductmatrix (C) in for the retinal actvities (r r')
yields:

W = (-V 1YwcC (C.6)

C.2.1 NormalizedEigenmodes

The methodfor calculatingthe eigenmodesequiresa bit of restructuringof termsin orderto
includetheactionof normalization.Theapproactiakenhereis stackthecolumnsof W to construct
thevectorw. Usingthis vectorconstructionthe actionof —V~1 andC is equialentto thatof the
linearoperatorA, suchthat(cf. Eqg.C.6):

: - 2

= Aw' + —— C7

w w' + IR (C.7)

whereA is constructedy setting:
-1
Alyary] = ~Viwy) Clay
1 Oy) Oy

Alyary) = 5( L. TR )

PR 1 ifz=y
[2] =) 0 otherwise

wherew't! andw* refer to the weight vectorat time i + 1 andi respectiely, A9 (the weight
update/graith operatorjand A™ (the subtractve normalizationoperator)areboth LR x LR. This
constructiorrelatesthe entriesin the —V—1 and C matricesto the stacled form of w. Likewise,
the doubleindices(zy, z'y") correspondo the stacled positionof entriesin A suchthat[zy, z'y']
isequialentto [z + L(y — 1),z + R(y' — 1)].

The grownvth andthe normalizationoperatorsare combinedin orderto yield a linear operator
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that producesan updatedand normalizedweight vector (w'*1) from a given weight vector (w?).
First, we definethe unnormalizedveightchangeg(éw) as,

ow = AIw' (C.8)

Theupdatedout unnormalizedveightsare:

sh
I

w' + A w'
= (I-I—Ag)wi

wherel is theidentity matrix. Thenormalizedweightsare:

wtl = W-A"W
(I-A"w
= I-A")(I+A)w
thisyieldsthelinearoperatorof interest:
A=(TI-A")(I+A9) (C.9

The eigervectorsof this operatordescribethe dominantgrownth modesof w underunscaled
weightupdateandsubtractre normalization(ignoringthe constanfactorﬁ fromEQ.C.7). The
eigemwvaluesdescribehow quickly the eigenmodewwill grow relative to eachother For display
purposestheeigevectorsof A arereshapednto an x R matrix soasto bedirectly interpretable
asmodesof weightmatrix growth. If the normalizationwasexact,all of the columnandrow sums
in eacheigenmodde0, but the simultaneoupre andpost-synapticiormalizationusedhereis only
approximateAs aresult,someeigenmodesupportgrowth thatis relatively unnormalized.



Appendix D

The Covariance-Ruleand Sparselnputs

Undersomecommonassumptionsiboutactvity-dependenthangen synapticcircuits, sparsen-
putsareeffectively moreanti-correlatedhanthey appear To my knowledge,this factandits role
in activity-dependendevelopmenthasnot beendiscussegbreviously.

A commonlyusedformalismfor synapticchanges thecovariancerule,whichincorporateshe
Hebbianprocesof strengtheningonnectiondetweenco-actve cells, andis robustto changesn
thebaselindevel of pre-andpost-synapti@ctiity. Consideringa systemwith severalpre-synaptic
cellsandasinglepost-synapticell, thecovarianceruleis,

dw;

57 =) (zi —(z3) (D.1)

wherethe changein the synapticweight from pre-synapticneuron: (dw;) is proportionalto the
covariancebetweenthe post-synaptiactvity (y) andthe pre-synapticactvity (z;), whereangle
bracletsdenoteaverages.

If w; changedittle in responseo eachinput (i.e. the learningrateis small), thenone can
averagethe effect of all presentationsf theinputsandphrasethe synapticchangesn termsof the
covariancebetweertheinput actvities,

ow

—=C D.2
50 w (D.2)
wherew is the vectorof synapticweightsandC is the covariancematrix for theinputs. The char
acteristicsof the covariancematrix determinehow the synapticweightsgrow over development
(Miller, 1990;Miller andMacKay, 1994;Miller, 1996;Eglen,1997).

In termsof a single synapsethe covariancerule canbe characterizedby 3 situations:when
bothcellsareabove their meanfiring rates thenthe synapseés potentiatedlong-termpotentiation,
LTP); whenoneis above its meanfiring rate andthe otheris belawv its meanfiring ratethenthe
synapses wealened(long-termdepression,. TD); andwhenbothcellsarebelov their meanfiring
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zi | @ | @ — ) — () [ o1 | @ | (@1 — @)@ — (o))
1|1 |[1/4 11 [1/9
1|0 |-1/4 10 |—2/9
0 |1 | —1/4 0 [1 | —2/9
0|0 |1/4
Cov ((z; — (z))(z; — (z;))) | O —1/9
Corr (Cov/(oy; 04;)) 0 -1/9+2/3=-1/6

Table D.1: Demonstratiorthat eliminating zerosin non-correlatednputs resultsin negative correlations. “Cov”
denotesovariance,'Corr” denotesorrelation,andanglebracletsdenoteaverages.

ratethesynapses potentiatedBecauséhereis noknown biophysicaimeanof potentiating'quiet”

synapsegwhereboth pre and post-synapticells are silent), this third situationis often explicitly

disregarded.Quiet situationscanbe ignoredby assuminghatthe pre-synapticcell’'s activity must
exceeda thresholdin orderfor the synapticweightto change(Willshaw andvon der Malshurg,

1976;Eglen,1997;Linsker, 1986). Likewise, non-linearsynapticchangefunctionscansimply go
to zerowhenthe preandpost-synaptiénput aresilent(Bienenstocletal., 1982).

While the omissionof silent inputs would seemto be a relatiely trivial decision,in factit
hasimportantramificationsfor developmentbecauseét decreaseshe covarianceand correlation
betweerinputs. Considethenumericalcaseof two inputsgivenin Tablel. Thisexampleillustrates
thatuncorrelatednputsbecomeanti-correlatedvhenthesilentperiodsareignored. Themoresilent
periodsoriginally presenti.e. the more“sparse”the inputs),the morepronouncedhe decreasén
correlation.

It is oftenassumedhat negative correlationamustbe presenin C in orderto achieve compe-
tition/segregation betweergroupsof inputsundera covariancebasedsynapticgronth rule (Miller,
1996; Eglen, 1997; Linsker, 1986). The presentanalysissuggestghatin lieu of anti-correlated
inputs,thenecessargorrelationaktructurecanarisefrom alearningrule thatignoressilentperiods
combinedwith sparsauncorrelatednput actiity.
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